5%

Universityof N&

Strathclyde

Glasgow

Keeping the Car Clean:
On the Electrification of Private Transport
PhD Thesis

James Dixon

EPSRC Centre for Doctoral Training in Future Power Networks and Smart Grids
Department of Electronic & Electrical Engineering

University of Strathclyde, Glasgow

April 21, 2020



This thesis is the result of the author’s original research. It has been
composed by the author and has not been previously submitted for

examination which has led to the award of a degree.

The copyright of this thesis belongs to the author under the terms of the
United Kingdom Copyright Acts as qualified by University of Strathclyde
Regulation 3.50. Due acknowledgement must always be made of the use of

any material contained in, or derived from, this thesis.

Signed:
Date:



Abstract

The electrification of private road vehicles — and the provision of a low carbon generation
mix that supplies the energy for their motion — is likely to be a key contributor to meeting
net zero targets and limiting the disastrous effects of anthropogenic climate change.

The work presented in this thesis surrounds two aspects of this transition. Firstly,
as EVs are fundamentally different to internal combustion vehicles (ICVs), in that their
energy storage capacity is far smaller and the rate at which it can be replenished is much
slower, there has been consumer resistance to their adoption due to the perception that
their charging carries inconvenience compared to ICV fuelling. Secondly, as the energy
demand of private road vehicles is shifted from the petrochemical supply chain to the
electricity grid, there are potential i) issues surrounding the resilience of the grid and
ii) opportunities resulting from the flexibility and ‘schedulability’ of EV charging in
enabling the further decarbonisation of the power sector.

With regards to the first aspect, this thesis presents an investigation of the incon-
venience of EV charging versus ICV fuelling and how this is likely to change depending
on vehicle parameters — battery capacity and charger power — and the set of locations
at which it can be charged. It was found that if the EV can be charged while parked
at home, the majority (80-95%) of individuals could make the transition to EVs with-
out suffering any increase in time penalty associated with charging compared to ICV
fuelling with modest battery capacities at the lower end of the market. However, for
drivers who cannot charge at home this convenience parity is harder to achieve.

This can be made easier by increasing battery capacity and charger power and
ensuring the provision of public destination and en route charging infrastructure. This

thesis presents characterisation of the likely demand at such infrastructure based on the
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Chapter 0. Abstract

analysis of smartphone app users’ locational data. It was found that this kind of EV
charging demand is likely to vary significantly in time and by location, depending on
what kind of public amenity it is installed at; such an approach could be invaluable to
transport and power system planners given the projected rapid uptake of EVs.

This thesis presents analysis into the likely impact of EV charging on residential
distribution networks, taking into account the effect of i) the way in which drivers
schedule charge events, ii) the social demographics (and hence travel habits) of the
individuals served by a network and iii) the effect of the rapidly evolving EV sector and
the resulting changes in technical parameters and level of charging infrastructure. By
means of case studies on real distribution networks in Glasgow’s Southside, it was found
that all three of the above factors have a significant effect on the impact seen from EV
charging and that, if their charging is uncontrolled, residential distribution networks in
better-off areas with high rates of car ownership are unlikely to be able to cope with
charging load when over 40% of vehicles are replaced with EVs.

Based on the above finding, this thesis presents an investigation of the potential of
EVs to interact positively with the grid, by charging selectively to i) avoid network peaks
and thus enable a higher penetration of EVs before the network must be reinforced and
ii) enable the further decarbonisation of the power system by charging when grid carbon
emissions are low and local renewable energy is in surplus. Techniques to schedule charge
events are presented: a ‘valley filling’ optimisation approach based on the controller
having perfect foresight of the arrival of vehicles to represent the best case; and a set
of low-information heuristics that could operate using data from ‘smart’ EV chargers.
Though some of the heuristics could perform similarly to the formal optimisation, both
methods resulted in the network being operated outwith statutory GB voltage limits
for 100% penetration of EVs. Finally, it was found that there is significant potential
for EVs to complement the decarbonisation of the power system. If ‘smart charged’,
their resulting carbon intensity (gCOz/km) can be reduced to around a fifth of that
of a new petrol or diesel car if charged from the current GB grid. Furthermore, a
penetration of 20% EVs in Scotland could be smart-charged to absorb up to 75% of

curtailed generation at Scotland’s largest onshore wind farm.
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Prologue/Acknowledgements

Pace of Change

This PhD began in October 2016. The year before, 195 United Nations Framework
Convention on Climate Change member states signed the 2015 Paris Agreement [1],
committing to keep global temperatures ‘well below’ 2°C above pre-industrial levels
and to pursue efforts to limit the increase to 1.5°C, in recognition that this would
substantially reduce the risks and impacts of climate change. Between then and the
time of writing — three years later in October 2019 — there have been so many events
shaping policy, public opinion and technology in such a short window of time that some
writing to address this pace of change became a necessary point from which to start.

A matter of weeks after the start of this PhD saw a change of United States presi-
dency, and a subsequent pledge to withdraw the US — the world’s second largest green-
house gas emitter — from the agreement (though the earliest possible withdrawal date is
the 4" November 2020, one day after the 2020 presidential election). On the same day
that the announcement was made, the United States Climate Alliance was formed be-
tween 24 states, comprising 50% of the country’s population, to continue to advance the
objectives of the Paris Agreement at the state level despite the federal withdrawal [2].
The overwhelmingly negative reaction to the US withdrawal from the international com-
munity [3,4] sets the tone of the global mainstream attitude to climate change and the
urgent need for radical change in how we produce and consume — or more properly,
change the form of — energy.

In addition to mounting concern over climate change, fears over bad air quality
have risen — contributed to by the revelation of the 2015-present ‘Dieselgate’ emissions

scandal [5]. In 2017, the World Health Organization predicted that 90% of the world’s
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population are living under air quality that does not meet their own legal requirements
for safety [6], and that up to 70% of the most harmful particulate emissions are caused
by road transport [7]. In July of the same year, the UK Government committed to a ban
on all petrol and diesel car sales from 2040 [8], which followed similar announcements in
France [9] and Norway [10]. Shortly afterwards, the Scottish Government committed to
‘phase out’ conventional vehicles by 2032 [11] and later in that same year more countries
— including Ireland [12], Denmark [13] and the Netherlands [14] — committed to a ban
from 2030. In 2018, the UK Department for Transport released their The Road to Zero
report, addressing how policy intends to achieve the ban of new petrol and diesel cars
by 2040, with more detailed interim targets, such as up to 70% of new cars having zero
tailpipe emissions by 2030 [15].

In their 2018 Special Report [16], the Intergovernmental Panel on Climate Change
(IPCC) published that, with high confidence, reaching and sustaining net zero global an-
thropogenic CO4 emissions would halt anthropogenic global warming on multi-decadal
time scales. In response, the Committee on Climate Change (CCC) — the independent
advisory body to the UK Government on tackling and preparing for climate change —
published their Net Zero report [17] in May 2019, which makes recommendations to UK
Government on how vigorously to pursue targets on decarbonisation across all sectors
in order to reach net zero emissions by 2050. As part of this report, the CCC state that
all new cars and vans sold in the UK should be electric by 2035 at the latest, with cost
savings projected as a result of an earlier switch.

Aside from shifts in international policy, a widespread change in societal attitudes
to climate change, energy and the environment has fuelled this pace of change further.
Increasing media coverage such as Sir David Attenborough’s 2018 Blue Planet II series
[18] are cited as a contributing factor of increasing public awareness of these issues.
By starting the Skolstrejk for klimatet (School strike for climate), Greta Thunberg has
inspired school children and people of all ages across the world to protest in the name of
increased political action against the threat of climate change; the largest coordinated
public protest ever recorded took place on 20" September 2019, with an estimated four

million people marching in one day. As of 24" September, a mainstream UK political
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party has committed to net zero targets for 2030 [19]. To be in such a position was
surely unthinkable at the time this PhD began.

This thesis, while rooted in the scope of electrified personal vehicles and the impact
they may have on the electricity network and the individuals that drive them, is intended
to serve as a reflection of the intent of engineers and scientific researchers of the time.
It is, to quote a plaque addressed to future generations on the former Okjokull, the first
of Iceland’s glaciers to be lost to climate change, ‘to acknowledge that we know what is

happening and what needs to be done. Only you know if we did it.’
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Chapter 1

Introduction

1.1 Motivation

The transport sector made up a quarter — eight billion tonnes — of total worldwide COq
emissions in 2016, over three quarters of which were from road transport [20]. It is
estimated that seven million people worldwide die every year from exposure to bad air
quality, the majority of which is caused by road transport [6]. The electrification of
private transport, combined with the continued decarbonisation of the generation mix
that supplies the energy for their motion, represents one potential solution to these
problems. Furthermore, the inherent underutilisation of the private car — in the UK,
the average car spends 96% of its time parked [21] — means that electric vehicle (EV)
charging is flexible compared with most domestic uses of electricity. This flexibility has
the potential to assist in the further decarbonisation of the power sector. Firstly, by
shifting charging demand to times when generation from intermittent renewable energy
sources (RES, such as wind and solar) is in surplus, EV charging has the potential to
increase the utilisation — and market value — of these generators. Secondly, by providing
ancillary services to the grid, EV charging can help mitigate some of the problems posed
to power system stability that arise from high RES penetration®.

In their The Road to Zero publication [15]|, the UK Government stated that they

expect the majority of EV charging to take place at peoples’ homes, presenting policy

!This is further explained in Section 1.4.
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support for grants to encourage the take-up of home chargers. However, concerns have
been raised by electricity network owners [22], regulators [23| and policymakers |24, 25]
about the impact of widespread EV charging on residential distribution networks, where
the capacity may not be able to cope with the increase in demand. The extent and
timing of the need for intervention in these networks — whether traditional reinforcement
or application of ‘smart grid’ technologies — is highly uncertain.

While the focus has been on people charging their vehicles at home, there has
been only limited attention paid to individuals who may lack access to charging at

home?

. According to a Department for Transport survey [26], this applies to 43% of
UK households. This proportion increases in urban areas: in Glasgow, 73% of dwellings
are flats [27] — the majority of which have nowhere to park a car. While some of
this charging demand could be met with on-street charging facilities, such as using
lampposts to support EV chargers 28], it is unknown if this will be sufficient to meet
the charging demand of up to 35 million EVs across Britain by 2040 as per National
Grid’s 2019 Future Energy Scenarios |29]. Due to fundamental differences between EVs
and internal combustion vehicles (ICVs), lack of charging access is expected to have
a significant effect on the use of electric vehicles, namely the time penalty associated
with charging them. As this perceived convenience of EVs has a considerable effect
on consumers’ willingness to make the switch to EVs, this is an important subject to
explore. Where those people will charge their vehicles is another cause for concern:
if public destination, workplace and ‘forecourt’ style EV charging stations are to be
widespread, planning for this new demand (which is expected to be different from the
demand seen by residential charging) is necessary.

The motivation for the work presented in this thesis is that the electrification of
private transport is, at the time of writing, cited as a key part of the radical changes
required to meet net zero carbon emissions and mitigate the impacts of climate change
and air pollution. The challenges, both to the individuals that would be EV drivers and

the power system that provides their charging, must be quantified so that they can be

2There are further issues surrounding how the necessary network upgrades, and any financial revenue
for EVs providing grid services, are funded if the only benefactors of those upgrades and/or payments
are the owners of the vehicles. This is further discussed in the Epilogue.
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addressed subject to the near and concrete deadlines involved [16] at minimal cost. The
opportunities presented by the electrification of transport and by the set of technologies
conceptually referred to as the ‘smart grid’ to both overcome these challenges and aid

the further decarbonisation of the energy sector must be investigated.

1.2 The Electric Vehicle

1.2.1 Past and Present

In this thesis, an EV refers to a passenger car powered exclusively by chemical energy
stored in a rechargeable battery pack. Excluded from analysis in this thesis are the
following types of vehicle, which are also known as electric vehicles: plug-in hybrid
electric vehicles, hydrogen fuel cell powered vehicles, electric bicycles/motorcycles and
electric buses.

Although interest surrounding EVs has risen sharply in recent years, they are not
new: some of the most popular vehicles in the late 19'" and early 20" centuries were
battery-powered electric vehicles [30]. However, the dominance of the internal com-
bustion engine from the 1920s to the present day has limited the development of EV
technology. Interest in EVs continues to rise sharply around the world, due to global
concerns around greenhouse gas emissions, dependence on fossil fuels and air pollution,
as previously discussed.

Figure 1.1 shows an example of an early EV (the French-made Krieger electric
laudaulet in 1906) [30] and an example of a modern EV (the Volkswagen ID.3 EV, to
be released in 2020) [31].
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Figure 1.1: Krieger electric laudaulet in Washington D.C., 1906 (left); Volkswagen ID.3,
to be released in 2020 (right)

2018 saw a doubling of the number of new EV registrations (either pure battery or
plug-in hybrid) versus the previous year, with 2 million new EV registrations bringing
the global electric fleet to 5.1 million [32]. Figure 1.2, reproduced from [32|, shows that
China is the world’s largest EV market — with around 45% of the total — and Norway
has the highest EV penetration — at 46% of their car fleet.
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Figure 1.2: Global electric car sales and market share, 2013-18. Source: International
Energy Agency
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1.2.2 Electric Vehicle Charging

Two parameters key to the overall energy and peak power demand of EV charging are
their battery capacity and the power at which they can be charged. EVs on the market
today are generally powered by lithium-ion batteries with energy storage contents rang-
ing from 10-100 kWh [31,33-37]. Typical energy consumption values are in the range
0.1-0.25 kWh/km [38], giving them a driving range of 100-600 km. Most models support
both AC charging via an on-board AC/DC converter (in which the maximum charg-
ing power is limited to the rating of the converter) and DC charging, which bypasses
the on-board converter. Generally speaking, AC charging is used for home, work and
some public destination charging points where the duration of stay is longer and there-
fore the required charging power is lower, typically 3-22 kW [39]. DC charging is used
for en route charging points (such as at motorway service stations and petrol station
forecourts) where the EV driver is forced to wait while the vehicle charges; therefore,
the required charging power is higher. These chargers are generally confined to such
locations due to their significantly higher cost compared to AC chargers (because of the
AC/DC converters required). At present, DC en route charging power is in the range
50-150 kW [40], though this is expected to increase in the near future. These likely
future developments are discussed extensively throughout this thesis.

The time taken to charge an electric vehicle is a subject of much discussion, both in
terms of the impact of the convenience of using an EV and the level of flexibility of EV
charging afforded to the power system. As an example of the latter, if a 40 kWh EV
arrives home with a state of charge (SoC) of 50% (corresponding to an energy storage
content of 20 kWh) and it has access to 7.4 kW charging, then accounting for some
conversion losses the time taken for the vehicle to be charged to 80% will be under 2
hours; the time taken to be charged to 100% will be in the region 4 hours®. However, if
the vehicle is parked for 14 hours between arriving at home at 18:00 and leaving again

at 08:00 the next morning, this charging demand can be spread in time substantially.

3This non-linear relationship in the time taken to charge an EV is the result of how lithium-ion
batteries are charged. This is discussed further at multiple points in this thesis, e.g. Section 2.2.5
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1.3 The Four Charging Archetypes

1.3.1 Overview

The investigation presented in this thesis is based on the hypothesis that there are a set
of four charging archetypes set by location and flexibility, and that any charging event
undertaken can be broadly categorised into one of these archetypes. These archetypes
are shown in Figure 1.3 in terms of typical locations, power ratings and charging window

(i.e. the time during which the required energy can be carried out).

- POWER +
Domestic Workplace Public En Route
Location At home — off-street | Workplace car parks | Supermarkets, Motorway service
and on-street shopping centers, stations, charging
on-street (public), forecourts
public car parks
Power rating | <10 kW <10 kW 10 -50 kW >50 kW
Charging > 9 hours 3-9 hours 20 minutes — 3 < 20 minutes
window hours
+ FLEXIBILITY -

Figure 1.3: Charging archetypes as defined by typical locations, charging window and

charging power

The combination of the rated power and the charging window sets the flexibility
of the charging event. While the former can be set by the provider of charging in-
frastructure — given any physical network limits — the latter is dictated by individuals’
travel habits: specifically, the variation in vehicles’ arrival time and their duration of
stay. While it is not proposed that charging sessions of a given type are uniform (e.g.
individuals do not always spend at least 9 hours at home), justification of the charg-
ing windows in Figure 1.3 is made on the basis of analysis of large-scale travel data in

Section 1.3.2.
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1.3.2 Justification for the Four Charging Archetypes

The UK National Travel Survey (NTS) is an annual household survey in the UK designed
to monitor trends in personal travel. It is used at several points during this thesis, as it
presents a large and useful data source on how, when and where people travel. Around
15,000 people are surveyed each year, and the results are available from the UK Data
Service [41]. In this thesis, the dataset is used to synthesise vehicle-based travel diaries
containing week-long diaries of car-based trips*. In this section, analysis of these car-
based diaries from the 2016 N'T'S are used to support the hypothesis regarding charging
archetypes.

Parking Locations

Figure 1.4 shows the average proportion of time spent by cars at different locations
throughout the 2016 NTS. Note that ‘work’ is defined as ‘work’ or ‘education’ as quoted
from the N'TS; public is defined as the following locations as quoted from the N'TS: ‘food
shopping’, ‘non-food shopping’, ‘eat/drink with friends’, ‘day trip’, ‘sport: participate’,
‘personal business eat/drink’; ‘other social’, ‘entertain/public activity’, ‘personal busi-

ness other’, ‘personal business medical’.

Car location, 2016 NTS

Parked, home

‘ Driving

Parked, public

Parked, work

Figure 1.4: Pie chart showing location of car parking by proportion of time, 2016 UK
National Travel Survey car-based trips ending at home (left), work (centre) and public
destinations (right)

4The method by which this is done is detailed in Section 2.2.1
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Based on the 2016 NT'S, the average car spends 95.7% of its time parked (this is in
agreement with the earlier quoted value of 96% from [21]). The vast majority of this
parking time is spent at home, followed by work and then public places. The order of
time spent at each location provides justification for the order of flexibility of charging
archetypes in Figure 1.3.

Figure 1.5 shows the probability of a random car in the 2016 NTS data being parked

at home, work or public location for a weekday (Tuesday, left) and a weekend day

(Saturday, right).

Tuesday Saturday
70 —— Home 70 —— Home
— Work 60 —— Work
—~ 60 —— Public — —— Public
X X
; 50 ; 50
=40 = 40
o) o
% 30 _<§ 30
a 20 & 20
10

0 ——— ——
00:00 04:00 08:00 12:00 16:00 20:00 00:00 00:00 04:00 08:00 12:00 16:00 20:00 00:00
Time Time

Figure 1.5: Probability of car being parked at home, work and public locations, Tuesday
(left) and Saturday (right)

As the charts in Figure 1.5 were taken as a snapshot from a week-long travel diary,
the probability of cars being parked on a particular night does not necessarily align with
the next. This is particularly evident for the Saturday chart (right), where substantially
fewer cars are parked at home late at night compared with the previous night. This is
likely to be due to weekend trips away; drivers leaving their homes on Saturday and
returning on Sunday. Also, the sum of the three lines at any point does not necessarily
add up to 100%. This is due to a proportion of the vehicles being in motion, and another
proportion being parked at a set of locations that are not counted as public destinations
(this is further discussed in Section 2.2.2).

Figure 1.5 shows that cars are more likely to be parked at home than anywhere else

for all times of the day, both during weekdays and weekends. As could be expected,
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cars are more likely to be at home overnight and more likely to be at work and public
places during the day: this drives the time of day during which charging at home, work

and public places will most likely be sought.

Arrival Time and Parking Duration

Figures 1.6 shows the distribution of parking event arrival time for home, work and

public parking locations.

Home 16 Work Public
6 7
14
5 12 _ 6
g, S g5
= z z,
3, 5 8 =
3 2 2
g S 6 83
o2 o o
4 2
” ||||‘ ||||II : II‘ I 1 I‘ “l |
Y - ,___.|I|I 0 _ll I||I||I|I|I|I|I||...._|-_, 0 all h.__
0 5 10 15 20 0 5 10 15 20 0 5 10 15 20
Arrival time (hours) Arrival time (hours) Arrival time (hours)

Figure 1.6: Histograms showing parking event arrival time, 2016 UK National Travel
Survey car-based trips ending at home (left), work (centre) and public destinations
(right)

Of the 58,786 car-based trips ending at home, 29,940 (51%) arrived between 15:00-
20:00. Of the 14,463 car-based trips ending at work, 9,346 (65%) arrived between
07:00-10:00. Of the 29,940 car-based trips ending at public destinations, 21,115 (71%)
arrived within the period 09:00-16:00.

Of the three locations, arrivals at work were the most concentrated (with the most
distinguished peak) whereas home and public arrivals were more spread out (though
interestingly, they resemble reflections of one another: whereas arrivals at public lo-
cations were most likely in the mid-morning, arrivals at home were most likely in the
mid-afternoon).

These arrival times will fundamentally drive the demand for EV charging. Of par-
ticular concern is the fact that arrivals at home coincide with the existing electricity
network peak. Of course, this is not coincidental: the network peak occurs in the evening

because household active occupancy and electrical appliance use is at its highest, which
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ties in with people arriving home from their daily activities.
Figure 1.7 shows the distribution of parking event duration for home, work and
public parking locations.

Home Work Public
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Figure 1.7: Histograms showing parking event duration, 2016 UK National Travel Sur-
vey car-based trips ending at home (left), work (centre) and public destinations (right)

Parking duration drives the flexibility of charging event, and therefore i) the charging
power at which the energy must be delivered and ii) the extent to which the charging
demand can be shifted in time.

The most likely duration of parking event at home was less than 30 minutes, which
is not consistent with the 9 hours value in Figure 1.3. However, it is suggested that this
is due to the sheer number of trips ending at home (of 103,189 trips shown in Figure
1.7, 58,786 (57%) ended at home) and that there is little shortage of lengthy parking
events at home: during the week of the survey, 81% of the 15,153 individuals never
left home without returning for a parking event of at least 9 hours within 24 hours of
leaving. 40,959 (69%) of those trips ended in parking events longer than 9 hours.

Similarly to the arrival times, the duration of work parking events were concentrated
around a fairly small variance; this is clearly indicative of commuting patterns based
on a typical working day of 8-9 hours. Parking events at work were rarely short: 13,213
(91%) were parked for at least 3 hours. Parking events at public places were the shortest
of the three locations: 25,535 (85%) were less than 3 hours in duration.

The relationship between parking event arrival time and duration is also important
to consider. Figure 1.8 shows density scatter plots of the duration of parking event

(i.e. the difference in time between the arrival time and the departure time of the next
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trip) against the arrival time for trips ending at home, work and public destinations

respectively.

Public

Parking duration (hr)

10 15
Arrival time (hr) Arrival time (hr) Arrival time (hr)

Figure 1.8: Density scatter plot showing parking event duration vs. arrival time, 2016
UK National Travel Survey car-based trips ending at home (left), work (centre) and
public destinations (right)

Figure 1.8 allows the visualisation of the likelihood of parking duration, given the
time of day. Most significantly, whereas Figure 1.7 shows that home parking durations
are most likely to be short (less than 30 minutes), Figure 1.8 shows that the highest
concentration of parking events are ones with arrival times in the period 15:00-20:00
and durations of 9-18 hours. It is an important result that the parking events that occur
during the period of the existing network peak are most likely to involve long parking
stays — and hence the charging events that take place during these parking events tend
to be flexible.

In addition to parked charging, EVs have to charge en route when opportunities for
parked charging are insufficient to meet the energy demand of their travel requirements.
This action is analogous to a petrol station stop for an ICV, and the driver must wait

until the EV is charged to the desired amount.

1.4 The Power System and the Smart Grid Paradigm

1.4.1 Traditional Network Design

Traditionally, the GB power system was unidirectional. Power was generated at large

thermal plants, using the heat from burning fossil fuels or nuclear fission to drive turbines
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coupled to electrical generators. These power stations were either built close to the fuel
source (e.g. coal mines) or a source of cooling (e.g. the sea), so a large transmission
system was designed and built to transport the bulk power for long distances to the
centres of demand (i.e. our towns and cities). To minimise losses, this transmission
system operates at a high voltage — 275-400 kV in England & Wales and 132-400 kV in
Scotland [42]. The distribution system transports this power from grid supply points
(GSPs) to the point of use, stepping the voltage down progressively to the point at
which it is used by the consumer. For some industrial customers, power can be used at
higher voltages, often at 11 or 33 kV. For residential customers, power is stepped down
to 230/400 V (single/3 phase). The majority of domestic premises in GB are connected
to single phase supplies [43].

Historically, distribution networks were designed on a basis known as ‘fit and forget’:
networks were designed to a certain capacity, based on the peak demand that engineers

would expect the network to experience, given some level of acceptable risk [44].

1.4.2 The Smart Grid Paradigm

The decarbonisation of the electricity system has thus far been based on replacing
carbon-intensive generators (such as gas and coal plants) with RES generators such as
wind turbines and solar photovoltaics (PV). This has been coupled with a decentralisa-
tion of electricity generation; whereas traditionally generation was done in bulk, much of
the recently installed RES capacity is located within the distribution networks, which
were originally designed only for consumption. While traditional generation is dis-
patchable, intermittent generation is not and forecasting its output (generally based on
variations in the weather) becomes difficult at 12 hours or more ahead of real time [45].
This increases the need for power system i) flexibility, to better match consumption with
generators’ output, and ii) ‘schedulability’, the ability to plan levels of consumption or
generation over a period of time such that inflexible demand can be met at least cost,
and energy reserves for ancillary services such as frequency containment can be made
available at the right times.

While there are a multitude of methods available to decarbonise the heat and trans-
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port sectors, a prominent one is the electrification of those sectors coupled with the
continued decarbonisation of the electricity that supplies these demands. Shifting all
this energy demand to the electricity sector will significantly increase the demand it sees
and, under a ‘fit and forget’ regime, would require an enormous programme of works to
upgrade most of the electricity system installed today.

The ‘smart grid’ is essentially a set of technologies that can be used to avoid or defer
that investment; to enable a greater penetration of so-called ‘low carbon technologies’ of
both generation (e.g. distributed RES) and demand (e.g. EVs, heat pumps) for a given
amount of network, and to maximise the utilisation of system assets. It is essentially a
power network with communications; one that allows the bidirectional flow of power and
information. In this way, the smart grid paradigm can be viewed as making distribution
networks more like transmission networks — which already allow bidirectional power flow
and are rich in sensors and control equipment. Devices associated with the smart grid
include battery storage, EVs, heat pumps, distributed generation and power electronics.
The management of consumers’ relationship with electricity and how they demand it,
from the implementation of dynamic tariffs in which prices vary according to the time of
day or local network conditions to the evolution of an ‘energy as a service’ market [46],
is also included as a key part of the smart grid paradigm.

EV charging and the smart grid are symbiotic. The smart grid has the potential
to allow EV charging to be managed in a way that provides drivers with the energy
necessitated by their travel habits at a considerable reduction in the peak demand that
the network would see otherwise. Moreover, the potential of EVs to benefit the power
system could not be done without the smart grid. Increasing penetration of RES, which
tends to be interfaced to the grid via AC/DC converters, results in fewer synchronous

AC sources and a loss of power system inertia® [48,49]. By providing grid services such as

5Power system inertia can be thought of as the system’s tendency to resist change in its motion,
given external forces. Our (traditionally) relatively high inertia system is a product of having large
amounts of spinning metal (thermal power plants) coupled to generators. By replacing these with
DC-interfaced generators which are not directly coupled (and therefore do not contribute to power
system inertia), the system’s inertia (tendency to resist change) is reduced. Lower inertia results in a
higher rate of change of frequency following a disturbance [47], and as such high RES power systems
can be more vulnerable to sudden deviations in grid frequency, potentially leading to cascading failures
of power system assets and loss of load.
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frequency response, EVs have the potential to help the power system maintain stability
in a high RES scenario [50]. Furthermore, the inherent flexibility of EV charging means
that EVs have the potential to provide demand when intermittent renewable energy is
in surplus. This has the potential to both reduce the carbon emissions associated with

EV charging and reduce the wasted energy from renewable generators.

1.5 Contribution of This Work

1.5.1 Research Questions

The work presented in this thesis seeks to answer the following research questions:

1. What is the likely level of inconvenience (in this case, quantified by the total
time penalty) associated with charging an EV, given different levels of technical

parameters (battery size, charger power) and level of access to charging?

2. With particular regard to those individuals who cannot charge at home: what are
the likely resulting demand profiles from EV charging at i) en route ‘forecourts’ (in
which EVs stop to charge during journeys) and ii) public destinations (in which
EVs charge while parked, as their users are engaged in some activity that brought

them there)?

3. What is the likely impact of domestic EV charging on residentially-dominated
distribution networks, and how is this likely to vary with i) drivers’ charging
behaviour, ii) the socioeconomic make-up of the network and iii) the evolution
of the EV market, in terms of changing battery size, charger power and level of

access to charging?

4. What is the potential for ‘smart’ EV charging to i) manage the vehicles’ energy
demand within network constraints and ii) interact positively with the power sys-
tem by reducing the carbon emissions associated with EV charging and absorbing

excess renewable energy generation that would otherwise be curtailed?
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1.5.2 Overview of Chapters

The work is divided into six chapters including this one; a brief description of the

contents of each chapter is given below.

e Chapter 2 seeks to investigate the ease of a transition to electrified private trans-
port from the point of view of the consumer. An investigation of the inconvenience
of EV charging relative to ICV fuelling is presented, in terms of the time penalty
likely to be experienced by drivers for different combinations of battery capacity,
charger power and access to charging at different locations (home, workplace and
public destinations). It was found that there is likely to be a significant difference
in the time penalty associated with EV charging depending on the level of access
to charging that the driver has — though increasing battery capacity and charger
power is predicted to reduce this difference. Following from this conclusion, two
things are made clear: i) widespread public and en route charging will be an in-
tegral part of the EV charging mix; ii) domestic charging is likely to be the most
‘useful’ form of charging in minimising the inconvenience of EV use and therefore
if drivers have access to it, it is expected that most of their charging events will

be carried out at home.

e Chapter 3 presents a set of methods developed to characterise charging demand
at public charging facilities using smartphone locational data, based on findings
from Chapter 2 that under high penetration of EVs, a significant amount of their
charging will be based on public charging, both en-route and at public destinations
such as supermarkets, shopping centres and cinemas where drivers leave their
cars for time periods ranging from 15 minutes to 3 hours. It was found that the
temporal variation in demand at these locations is likely to vary significantly based
on the day of the week and the location at which charging is installed: for example,
whereas gym-based EV charging demand is likely to peak on Monday evenings,
the corresponding peak in supermarket-based EV charging demand is likely to
occur on Saturday afternoons. The techniques presented in Chapter 3 could be

invaluable to both transport and power system planners as the EV market — and
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hence the demand for public/en route charging — grows.

e Chapter 4 presents a set of methodologies for assessing the impact of residential
EV charging on distribution networks if all charging is uncontrolled. The effects of
charging behaviour, the demographics of the EV drivers and the parameters of the
EVs on the resulting charging demand and impact to the network are investigated.
It was found that there is potentially a large gap in the temporal variation in EV
charging demand and the resulting impact on distribution networks depending on
how drivers plan their charge events, based on two models of charging behaviour:
i) one in which drivers will seek to minimise the number of plug-ins, and ii) one
in which drivers will routinely plug in upon arrival at home. It was found —
through case studies of two real distribution networks in the Southside region
of Glasgow — that the social demographics of the individuals served by a given
network are likely to impact the resulting impact from EV charging, mainly as
their travel requirements are likely to be different. Finally, it was found that
changing EV parameters (battery size, charger power) and the level of access
to charging afforded to the drivers has a significant effect on the resulting EV
charging demand and the impact to the network: there are certain patterns in the
evolution of the EV market that would appear to reduce the burden on networks,

and there are some that would appear to increase it.

e Chapter 5 presents an investigation of the potential for controlled (a.k.a. ‘smart’)
charging to reduce the impact of EV charging on the network and enable EV charg-
ing to further benefit the power system by providing demand to utilise surplus of
renewable generation. A comparison is presented between a formal optimisation
of charging and simpler, low-information heuristic-based methods that would be
easier to adopt in practical networks. It was found that for an EV penetration
of 100%, their charging is likely to lead to undervoltages on the same network
as analysed in Chapter 4, even if all charging is scheduled via a ‘valley filling’
optimisation approach in which the minimum network loading is sought over a

24-hour period. It was found that ‘smart’ EV charging does have the potential to

17



Chapter 1. Introduction

interact positively with the power system. Through selectively charging when grid
carbon intensity (gCO2/kWh) is low, the emissions associated with their driving
(gCO2/km) can be reduced to a level a fifth of that of an average new petrol or
diesel car sold in Europe, based on charging from the current GB grid. A fleet of
500,000 EVs in Scotland (corresponding to a penetration of approximately 20%)
could absorb over three quarters of curtailment at Scotland’s largest onshore wind

farm.

e Chapter 6 draws conclusions and suggests further work from this thesis.

1.6 Publications and Other Contributions

The following journal publications have been published or accepted for publication at

the time of writing:

1. J. Dixon, P. B. Andersen, K. Bell, and C. Tracholt, “On the ease of being green:
an investigation of the inconvenience of electric vehicle charging,” Applied Energy,

vol. 258, 2020. doi: 10.1016 /j.apenergy.2019.114090

2. J. Dixon, I. Elders, and K. Bell, “’Evaluating the likely temporal variation in
electric vehicle charging demand at popular amenities using smartphone locational

data,” IET Intelligent Transport Systems, 2020. doi: 10.1049/iet-its.2019.0351

3. J. Dixon and K. Bell, “Electric vehicles: battery capacity, charger power, access
to charging and the impacts on distribution networks,” eTransportation, 2020.

Accepted/in press
The following journal submission has been made, which is currently under review:

1. J. Dixon, W. Bukhsh, C. Edmunds, K. Bell, “Scheduling electric vehicle charging
to minimise carbon emissions and wind curtailment,” 2019. Submitted to Re-
newable Energy Special Issue on “Renewable Energy to Drive Sustainable Electric

Transport: Synergies, Challenges and Opportunities” on 17" November 2019

The following published conference papers:
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1.

J. Dixon, I. Elders, and K. Bell, “Electric vehicle charging simulations on a real dis-
tribution network using real trial data,” in Proceedings — 2019 IEEE Transporta-
tion Electrification Conference & Expo Asia-Pacific, Seogwipo-si, Korea (South),

2019.

. J. Dixon, I. Elders, and K. Bell, “Characterization of electric vehicle fast charg-

ing forecourt demand,” in Proceedings — 2018 IEEE PES Innovative Smart Grid
Technologies Conference Europe ISGT-Europe 2018, Sarajevo, Bosnia Herzegov-

ina, 2018.

J. Dixon, 1. Elders, and K. Bell, “Opportunities for interconnection of adjacent
distribution feeders in GB networks,” in Proceedings — 2017 Universities Power

Engineering Conference (UPEC), Heraklion, Greece, 2017.

The following contributions to conferences:

1.

“On the Ease of Being Green”, ETP Annual Conference, Dundee, UK. 2019.

. “A Discussion on the Electrification of Private Transport” (Invited Speaker and

Panellist), Scottish Transport Show, Edinburgh, UK. 2019.

“Electric Vehicle Charging: How ‘Bad’ Might it be?”, CIGRE UK Evening Event
— The Challenges of Connecting Electric Vehicles to the Grid, Birmingham, UK.
2019.

. “Local Network Impacts of the Electrification of Transport”, UKERC Annual Con-

ference, Oxford, UK. 2019.

“Electric Vehicle Destination Charging Demand Characterisation”, E-Mobility Power

System Integration Symposium, Stockholm, Sweden. 2018.

“CIGRE Next Generation Network Showcase: Using Smartphone GPS Data to
Characterise Destination EV Charging Demand”, CIGRE 2018 Showcase, Paris,
France. 2018.

“Modelling EV Charging Behaviour and its Impact on the Grid”, UKERC Annual
Assembly, Sheffield, UK. 2018.
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The following published blog posts:

1. J. Dixon, “What will the electric vehicle revolution mean for our electricity sys-

tem?,” Centre for Energy Policy, 2018. [Online|. Available: https://bit.ly /350fsSU.

2. J. Dixon, “Electricity System Change: Flexibility and Costs,” UK Energy Research
Centre (UKERC), 2018. [Online|. Available: https://bit.ly/2YprwLn.

The following technical reports:

1. J. Dixon, K. Bell, “NIA ‘Reflect’ Data Assessment,” Electricity North West Lim-
ited Reflect Project [Online]. Available: https://bit.ly /2DUNLiw

2. M. Hannon, E. Topham, J. Dixon, D. McMillan, and M. Collu, “Offshore wind,
ready to float? Global and UK trends in the floating offshore wind market.” 2019.
doi: 10.17868/69501

And the following achievements:
1. 2 prize, poster competition, 2019 ETP Annual Conference, Dundee, UK.

2. Best Paper Award, 2019 IEEE Transportation Electrification Conference & Expo
Asia-Pacific.

3. Winner, CIGRE Next Generation Network Presentation Competition 2018, Uni-

versity of Manchester, UK

4. Peoples’ Choice award, 3 Minute Thesis competition 2018 (University of Strath-
clyde final).

As per the terms of this work’s funder, the Engineering & Physical Sciences Re-
search Council (EPSRC), all published journal & conference papers (accepted author
manuscripts) and presentations given at conferences are available open access on the
author’s PURE webpage [51]. All data have been archived and, in accordance with

EPSRC rules, all data originating from this work can be accessed on request.
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On the Ease of Being Green: The
Inconvenience of Electric Vehicle

Charging

2.1 Introduction

2.1.1 Barriers to Electric Vehicle Adoption: Realities and Perception

A major obstacle to widespread EV adoption is the perception that their charging carries
a significant amount of inconvenience relative to the fuelling of ICVs. This perception

is grounded in two facts:

1. Battery storage is far less energy dense than the storage of hydrocarbon fuels in a
tank. The US Department of Energy assumes the energy content of a US gallon
(3.89 litres) of petrol to be 33.7 kWh [52]. On this basis, even a small ‘city’ ICV
model such as a 2018 Fiat 500 with a 40 litre petrol tank [38] effectively has an
energy storage capacity of over 340 kWh, compared to 40 kWh available in the
2018 Nissan Leaf, an EV at the lower end of the market in terms of price [53].
Due to the significantly greater losses associated with the combustion engine of
an ICV than those associated with the motor and traction drive of an EV [54],

EVs can travel around 3-4 times further on the same amount of energy storage.
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However, differences in vehicles’ energy storage capacities still imply a large gap

— at least for now — between the ranges of EVs and similarly priced ICVs.

2. EV battery charging must be done at a far slower rate than fuelling an ICV.
Whereas even the highest projected power ratings of future EV charging men-
tioned in academic and industrial literature are limited to hundreds of kW [55-59],
the effective ‘charge rate’ of a light passenger ICV is around 5000 kW taking into
account combustion engine losses [60]. This implies that — at least for now —

charging EVs will take more time than fuelling ICVs.

In contrast, whereas the fuelling of an ICV must be done by the user as they stand at
a petrol pump, having visited a petrol station specifically to replenish the energy storage
content of their vehicle — an activity that was found to take around 3-5 minutes (Section
2.2.9) — an EV can be charged while it is parked at home, work or in another private
or public location with a significantly smaller time penalty associated with plugging in
and removing the charging cable. The only occasions when users will have to wait for
their EV to be charged are when, on a long journey or on multiple trips lacking an
opportunity to charge at destinations, the battery’s SoC has reached such a level that
the user must make a specific charging stop. If the total duration of these occasions was
less than the total duration of fuelling stops at petrol stations required by ICVs, it could
reasonably be argued that charging an EV is of greater convenience than fuelling an
ICV. The frequency and duration of charging occasions would depend on the battery
capacity of the EV, the rate at which it could charge its battery and its access to a
variety of charging locations (e.g. at home, work and public destinations).

Several studies have examined the physical limitations of electric transport. Axsen
et al [61] establish that battery technology limitations and high battery cost are the
major obstacles to widespread adoption of EVs. The study reflects on the fast pace
of development of EV battery sizes and charging capacities in the goal of attaining a
level at which they will, suddenly, become acceptable to most users. The question on
how much range an EV needs is multi-faceted in both technological and social contexts.

Pearre et al [60] conduct a study on a year’s worth of real vehicle monitoring data to
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establish the required range to complete a day’s driving (it is assumed that vehicles can
charge every night and start the next day with a full battery). It was found that 21%
of drivers in the sample could substitute their ICV for a modern EV in the ‘affordable’
sector of the market such as the 40 kWh capacity, 150-mile range 2018 Nissan Leaf [38]
without a single day of adjustment to their normal travel schedules, while 60% of drivers
from the same sample could substitute for the same EV if they were willing to make
adjustments to six days in the year.

Although the results presented in the literature suggest that in most cases there
is only a slight adjustment of lifestyle required for the adoption of an EV, consumers
remain resistant to EVs [62]. While this may partially be due to a tendency to resist the
adoption of any new technology due to lack of knowledge, high initial costs and low risk
tolerance [63], the main reason for a consumer not wanting to substitute their ICV for an
EV is usually cited as so-called ‘range anxiety’ [64—67], so much so that the willingness
to pay to extend driving range is reported as being between €30-100 per additional
km [65,66]. In [67], Franke et al compile responses from surveys of the acceptable range
an EV would have to have before a consumer would consider the substitution of their
ICV for one; all six of the comparable studies cite a range of at least 300 km.

The subject of long journeys and the perceived inconvenience of having to stop to
charge multiple times is clearly an important one to would-be EV consumers. However,
it is suggested that natural breaks taken as part of long journeys regardless of the
vehicle’s propulsion system are overlooked; if the driver could fit necessary charging
sessions into natural breaks then the inconvenience of using an EV for that journey

would be reduced.

2.1.2 Contribution

The key contribution of this chapter is the quantification the inconvenience — defined
as the total time penalty — of EV charging based on the analysis of 39,020 week-long
travel diaries synthesised from the NTS dataset, originally introduced in Section 1.3.
The charging time penalty is assessed in respect of two types of charging event: one

where the vehicle is parked at home, work or a public destination; the other en route.
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In both cases, a time penalty is applied associated with the time taken to plug in and
remove the charging cable. However, in the former type of charging event it is assumed
that while the car is parked, the user is engaged in an activity that is unaffected by
how they came to be at that location and therefore is not inconvenienced by the use
of an EV. In the latter, it is assumed that the user is inconvenienced by being forced
to wait for the car to be charged and so the charging time is added as a further time
penalty. The charging time penalties are evaluated by a heuristic algorithm presented
in this chapter that derives an idealised charging schedule for each travel diary such that
the vehicle’s SoC is kept above a prescribed level throughout subject to the minimum
number of charging events, scheduling parked charging events before resorting to en
route charge events because of their smaller time penalty.

This analysis is carried out for different EV battery capacities, charger power ratings
and levels of access to charging locations (i.e. home, work and public destination) and
the results are compared to the expected time penalty associated with ICV fuelling for
the same travel diaries, based on a fixed time penalty associated with each fuelling stop.
This allows the quantification of combinations of battery capacity, charger power rating
and level of access to charging at different locations necessary for would-be EV drivers
to be able to switch their ICV for an EV without suffering an amount of inconvenience,
given the same travel habits.

Particular attention is paid to long journeys — those whose distance is greater than
can be made on a single charge — to investigate the likely inconvenience added to these
journeys as a result of charging, given that at least some charging can be fitted into
natural breaks that are taken on long journeys. Analysis is carried out for two cases: one
where it is assumed that drivers follow UK Highway Code Rule 91 [68] which mandates
15 minutes’ rest for every 2 hours of driving, and a sensitivity case where it is assumed

drivers take a 15 minute break only once every 4 hours.
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2.1.3 Simplifying Assumptions
Idealised Charging Schedules

The modelling presented in this chapter minimises the level of inconvenience that both
EV and ICV users would experience by representing idealised charging and fuelling
behaviour. While this assumption will affect the time penalty suffered by EV users
more than that suffered by ICV users due to their shorter range and therefore greater
number of charging/fuelling stops, EV users’ ability to learn the charging requirements
associated with their vehicles and minimise the number of times it needs to be plugged
in has been observed [69,70]. Although a driver’s actual charging pattern may differ
from that derived in the model, drivers are likely to exploit opportunities to charge
when the vehicle would be parked anyway and their desire to minimise dependency on
en route charging are likely to give comparable results in respect of inconvenience. To
assist the driver in minimising their charging inconvenience, smartphone apps such as
Zap-Map’s Journey Planner [71] are available that, given access to a driver’s planned
journeys and public data on charger locations, will advise the driver on the optimal
charging schedule.

The potential value of a sensitivity study to the effect of human behaviour and ‘non-
ideal’ decision making in the scheduling of EV charging and the resulting inconvenience

is suggested as a piece of further work in Section 2.5.

Availability of Charging and Fuelling Infrastructure

In the absence of any data allowing a comparison to be made on the time taken to
find an EV charger or petrol station, this study does not consider any inconvenience
associated with finding an EV charger or petrol station, and it is assumed that i) an
EV charger is available at any home, work or public destination providing the EV in
question has that level of charging access, and ii) an EV charger or petrol station is
immediately available at the point an EV or ICV reaches a minimum range of 25 km
remaining, taken to represent the smallest amount of charge that a prudent driver would

be willing to have in the battery or fuel tank.
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While this is anticipated to have a significant impact on the results presented, the
assumption can be justified by considering the following. If a driver has access to charg-
ing at their home or workplace, then they are expected to be able to use that charger
whenever they need to, as these destinations are likely to be the same physical locations
every time. The main exceptions to this would be if another vehicle at their home is
using the household charger or if provision of charging at their workplace is insufficient
to service the number of EVs that require charging. Public charging is different, as these
destinations are likely to correspond to a much larger set of physical locations. Here,
the successful access rate of charging would depend on whether the public destination
in question has EV charging infrastructure installed. The assumption is made that EV
charging infrastructure can be found at any of a set of public locations detailed in Sec-
tion 2.2.2; in doing so, the results of this chapter reflect a scenario where EV charging
infrastructure is plentiful. According to [39], there are currently (as of September 2019)
25,959 public EV charging connections across 9,580 locations in the UK and the number
of connections has increased by over 45% in the last 12 months. Compared to the total
number of UK petrol stations of 8,422, which is in a continuing trend of decline [72],
EV charging infrastructure is clearly gaining itself a greater presence. Furthermore, [73]
and [74]| both suggest that EV drivers are likely to actively seek out destinations (such
as supermarkets, hotels and restaurants) that offer charging opportunities, and journey
planning smartphone applications such as [71] will assist drivers in finding them. This
suggests a commercial incentive on such destination charging being made available in
order to attract custom from EV owners reliant on public charging, as is already being
seen: for example, as of August 2019, three of the UK’s biggest supermarket chains
have announced plans to install free-to-use EV charging infrastructure at their stores
by 2020 [75-77].

As this assumption is likely to significantly affect the results presented, the consider-
ation of non-binary levels of access to charging at locations is highlighted as a valuable

piece of further work in Section 2.5.

26



Chapter 2. On the Ease of Being Green: The Inconvenience of Electric Vehicle
Charging

Boundary Conditions

To offer a fair as possible comparison between the time penalties associated with charg-
ing an EV and fuelling an ICV over the course of a week-long travel diary, the charging
schedules were derived on the basis such that the energy content of the vehicle at the end
of the travel diary must be equal to that at the start. It is assumed that an EV’s initial
SoC (and therefore the SoC it must end its travel diary with) is 80%, given that the
time taken to charge between 80-100% is disproportionately longer than the time taken
to charge between 0-80% (this is further explained in Section 2.2.5). By comparison,
an ICV’s fuelling time penalty is calculated as a proportion of a fixed (minimum fuel
level to full tank) fuelling time penalty, according to the volume of fuel it consumes over
the course of the travel diary. Effectively, it is assumed that an ICV will wait until it
reaches the minimum fuel level before carrying out a full refuel — the most time-efficient

fuelling action possible.

Charging During Long Journeys

In this chapter it is assumed that drivers would try to fit EV charging on a long jour-
ney into natural breaks — taken regardless of the vehicle’s form of propulsion — wherever
possible, given that such breaks are often taken where charging infrastructure is increas-
ingly present, e.g. motorway service stations [40]. Therefore, the en route charging time
penalty is adjusted to account for any breaks taken. To allow fair comparison, the same
analysis is carried out for ICV fuelling on long journeys.

Although there is data in the NTS for breaks taken during journeys (given by the
difference between the fields ‘total time’ and ‘trip time’), it is suggested that these are
likely to be under-reported: 82% of journeys over 200 km and 77% of journeys over 4
hours are without any recorded breaks. Due to the likely unreliable nature of this data,
this chapter assumes a constant rate of breaks per driving time for one of two cases:
in the first case it is assumed that all drivers are compliant to UK Highway Code Rule
91 [68], in which 15 minutes’ break is advised for every 2 hours of driving. As it is
recognised that this has a considerable effect on the resulting inconvenience of charging

and drivers may not be compliant to the Highway Code, a sensitivity case of ‘half’ Rule

27



Chapter 2. On the Ease of Being Green: The Inconvenience of Electric Vehicle
Charging

91 — a 15 minute break for every 4 hours of driving — is also presented.

Fixed Arrival Times and Infeasible Travel Diaries

While time penalties are attributed to both parked and en route charging events, arrival
times of journeys are not adjusted to account for stops due to charging because there is
not sufficient information on how an individual’s arrival time would affect a subsequent
departure time: on some occasions, such as a visit to a leisure destination, a late arrival
would result in a late departure as the time at the destination could be considered fixed.
However, on other occasions, such as arriving home from work before leaving the next
morning, a late arrival due to a charging stop on the journey home would likely not lead
to a late departure time, which could be considered fixed. As a result, travel diaries
are not adjusted to account for charging stops. However, the number of travel diaries
that are rendered infeasible by the presence of charging (by at least one journey being
delayed past the subsequent departure of the next trip) is reported for all variations of

battery size, charger power and access to charging at different locations (Section 2.3.3).

Zero Battery Degradation

Lithium-ion batteries degrade with use, a process whose rate depends on a wide variety
of factors including temperature, rates of charge and discharge, depth of discharge, SoC
and total energy withdrawn |78]. It has been documented in [79] that aged batteries can
experience a capacity fade of at least 20%, which would linearly affect the range of the
vehicle. While this is acknowledged to affect the resulting inconvenience of charging as
vehicles will have to seek more charging opportunities as their battery capacities fade,
the first purpose of this chapter is to assess convenience and whether it is rational for
inconvenience to influence choice of vehicle when it is being bought new. It is assumed
that the entirety of the batteries’ capacity can be used, at least initially, save for the
minimum range that the vehicle must retain. However, some linear extrapolation can be
applied to the results presented: for example, a 20% capacity fade on a 30 kWh battery
will result in the EV having an achievable range equal to that of one with a 24 kWh

battery, ignoring any differences in the vehicle’s energy consumption and any effect on
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the charging rate attainable following the capacity fade. There are other effects that
result from the degradation of batteries, which are discussed as points of further work

in Section 2.5.

Constant Unity ‘Elasticity’ of Inconvenience

The inconvenience resulting from a given time penalty is likely to vary depending on
the time of day, and the proximity to events within an individual’s schedule deemed
to be the most important, e.g. having to stop and charge on the way to work may
be seen as a greater inconvenience than doing so on the way home. It is suggested
that this pattern is analogous to the variation in Value of Lost Load (VoLL) depending
on the activity being undertaken and the relative importance of that activity in an
individual’s schedule [80]. Furthermore, experiencing multiple time penalties of the
same total duration as one larger time penalty would in reality require greater planning
and may be perceived as a greater inconvenience. Due to the complex nature of defining
the relationship between convenience and time penalty (in a sense, the elasticity of
convenience), analysis presented in this chapter assumes that inconvenience experienced
is directly proportional to time penalty, regardless of the time at which this penalty is
experienced. There is space for valuable further work in this regard, further discussed

in Section 2.5.

2.2 Method

2.2.1 Travel Data from the UK National Travel Survey

Insight into individuals’ travel habits can be provided by the analysis of travel survey
data; that is, self-reported data of trips made by individuals over a period of time.
The NTS is one such survey, conducted annually for around 15,000 residents in which
they record all trips taken over a 7-day period [41]. The 7-day period recorded differs
between the individuals recording the data, hence minimising any bias from seasonal
effects and holidays. Data for the years 2012-2016 as used in this study contains details
of 598,645 car-based trips made over the period.
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To justify use of 5 years’” worth of NTS data, Figure 2.1 shows the variation in
trip distance (km) and time (minutes) of all car-based trips between years. The mean
distance varies only within the range 14.42-14.80 km and the mean time varies within
the range 21.38-22.81 minutes (both 2012-2015 respectively). Although the variation
within each year is significant as shown in Figure 2.2, the variation between years is

evidenced to be very slight.

60
30
25 A5O <4 £
€ 8
S 5 40
8 £
S 15 o
w
S E
= =
5 o L1 L] T
PYEYY 0 1]
2012 2013 2014 2015 2016 2012 2013 2014 2015 2016
Year of survey Year of survey

Figure 2.1: Boxplots showing variation in trip distance (km) and duration (minutes)
across b years of UK National Travel Survey data (outliers omitted for clarity)

The N'TS contains two tables of relevance to this study: a trip dataset and a vehicle
dataset. The trip dataset contains data pertaining to the distance, duration, time/day
of departure, mode of transport and purpose of each trip recorded. Associated with each
trip is an ID of the individual who took the trip, but trips are not associated directly
with a vehicle. In order to synthesise week-long travel diaries for each vehicle, the
vehicle and trip datasets were matched up. The vehicle dataset contains information on
each of the vehicles within the NTS, including the ID of the ‘lead driver’ with whom the
vehicle is associated. Note that in the N'T'S, multiple vehicles can be associated with
one individual but a single vehicle cannot be linked with more than one individual.
For each individual, a list of vehicles associated with that individual is returned. If
the individual is assigned to more than one vehicle (6.6% of the total individuals were
assigned to more than one vehicle), then the ‘vehicle availability’ — which describes

how often the vehicle is used — for each vehicle is returned. If only one of the vehicles

30



Chapter 2. On the Ease of Being Green: The Inconvenience of Electric Vehicle
Charging

assigned to this user is described as being in regular use, all trips associated with this
individual ID are assigned to the vehicle in regular use. If more than one vehicle is
described as being in regular use, then trips are assigned at random to the vehicles that
are said to be in regular use by that individual. 5.4% of individuals claimed to have
more than one vehicle in regular use. The result of the processing of the NTS dataset is
a set of week-long travel diaries for 39,020 vehicles. An example travel diary is shown

in Table 2.1.

Table 2.1: Key data fields regarding car-based trips from example NTS travel diary

Trip Distance Origin Destination Trip Start Trip End
# (km) (Weekday, (Weekday,
HH:MM) HH:MM)
1 3.2 Home Non food shop M 10:00 M 10:05
2 3.2 Non food shop Home M 10:25 M 10:30
3 16.1 Home Other social M 13:30 M 14:00
4 16.1 Other social Home M 15:30 M 16:00
5 12.9 Home Personal business Tu 11:30 Tu 11:50
6 12.9 Personal business Home Tu 11:55 Tu 12:15
7 64.4 Home Visit friends Sa 07:00 Sa 07:45
8 12.9 Visit friends Other social Su 13:00 Su 13:45
9 59.5 Other social Home Su 20:00 Su 20:45

Figure 2.2 shows the spread in data of all 39,020 car-based travel diaries used in this
study in terms of the distance driven, the number of trips taken and the total driving

time.
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Figure 2.2: Histograms showing spread of distance driven, number of trips taken and
total driving time across 39,020 travel diaries synthesised from the UK National Travel
Survey dataset

Figure 2.2 shows that there is a significant spread in individuals’ driving habits. It
is shown that the number of trips is more likely to be even than odd. This is suggested

to be due to there being more return trips in week-long travel diaries than one-way
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trips. The mean corresponds to an average of 1.1 return trips per day. Individuals
spent a mean time of 5.5 hours driving in the week covering a mean distance of 223 km.
However, the modal times and distances are significantly less than this (approximately 3
hours and 80 km respectively), showing that the small number of individuals who drove
considerably more than the majority increase the mean driving behaviour. Due to the
large variance in the data, results from the assessment of EV charging inconvenience
will be expressed as the total time penalty due to charging (in minutes) per total time
spent driving (in hours, as per the data in Figure 2.2), to allow the results to be more

easily compared across the spectrum of driving behaviours.

2.2.2 Parameters
Battery Capacity and Energy Consumption

Battery capacities found on variants of two of the highest-selling EVs on the global
market are used for reference: the lower-range Nissan Leaf and the longer-range, higher-
priced Tesla Model S. The energy consumption values used are taken from the US
Environmental Protection Agency (EPA)’s fuel economy test data [38|, whose Federal
Test Procedure is designed to allow direct comparison of emissions and fuel economy
between different vehicles for real-world driving conditions based on city and highway
driving cycles. Values used are shown in Figure 2.3 along with battery capacity for the

vehicle models discussed.

Charger Ratings

The effect of charger rating is investigated by using ‘low power’ and ‘high power’ sce-
narios (Table 2.2).

The low power scenario is based on ‘slow’ home charging (single phase 16 A, 230 V)
and workplace /public destination charging (three phase 16 A, 230 V); en route charging
rate are based on those currently widely available [40]. The high power scenario is based
on ‘fast’ home charging (single phase 32 A, 230 V) and workplace/public destination
charging (three phase 32 A, 230 V); en route charging rates are based on projected

near-future developments further discussed in Section 2.4.
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Figure 2.3: Energy consumption values (city, highway and combined) for vehicles con-
sidered in study, source: US Environmental Protection Agency

Charging Access

The NTS trip data contains a field on the destination of the journey. For home and
work charging, the destination is clear-cut as ‘home’ for home charging and ‘work’ or
‘education’ for work charging. For public destination charging, judgement was taken to
ascertain which destinations could likely see charging opportunities. Table 2.3 shows
an exhaustive list of destinations from the NTS data (except ‘home’, ‘education’ and
‘work’) and a True or False value to indicate whether vehicles are assumed to be able
to charge at that destination. The philosophy of this was to allow charging at locations
where chargers are currently found [39] and not at the end of escort journeys (i.e. when
the purpose of the journey was to drive another individual to a destination), visiting

friends or on holiday.
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Table 2.2: Charging scenarios used in synthesis of charging diaries

Charging sce- Home Charg- Workplace/ En Route Charging
nario ing (AC) Destination (DC)

Charging

(AC)

Low Power 3.7 kW 11 kW 50 kW for battery capacity
< 60 kWh; 120 kW for bat-
tery capacity > 60 kWh

High Power 7.4 kW 22 kW 150 kW for battery capacity

< 60 kWh; 350 kW for bat-
tery capacity > 60 kWh

Table 2.3: Public destination charging availability in study

Public destination charging = TRUE Public

destination charging

FALSE

Food shopping

Non food shopping
Eat/drink with friends

Day trip/just walk

Sport: participate
Personal business eat/drink
Other social

Entertain/ public activity
Personal business other
Personal business medical

Escort work

Other escort

Escort home

Visit friends

Holiday: base

Escort shopping/personal business
In course of work

Escort education

Escort in course of work

Other non-escort

2.2.3 Charging Time Penalties

Although one argument made in favour of the convenience of EV use is that they can
be charged while the user is otherwise engaged, there is a time penalty associated with
plugging in and removing the charging cable. Time penalties for such as used in this
study are derived from experiments carried out at DTU PowerLab with a Renault Zoe
EV for both fixed cable (in which the cable is already in situ with one end already
plugged into the charger, typical of home and en route applications) and loose cable
(in which the cable must be taken from the car before plugging in to both the car and
the charger itself, typical of work and destination applications). For the fixed cable
scenario, the plug-in time is the time taken to walk from the driver’s side door to the

charger at the front of the car, take the cable from the charger and insert it into the
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car’s charging socket — also on the front of the car. The removal time is the time taken
to unplug the cable from the car, return it to the charger and walk to the driver’s side
door. For the loose cable scenario, the plug-in time is the time taken to walk from the
drivers’ side door to the car’s boot, remove the cable, close the boot, walk with the
cable to the charger at the front of the car and use the cable to connect the car with
the charger. The removal time is the time taken to unplug both ends of the cable, walk
to the car’s boot and open it, put away the cable, close the boot and walk back to the
driver’s side door. Three trials of plugging in and removing the cable for both fixed
and loose cable set ups by an individual familiar with the process of EV charging were

performed; the results are shown in Table 2.4.

Table 2.4: Experimental results: plugging in and removal time for charging cable

Cable Plug-in time (s) Removal time (s) Total time
Scenario 1 2 3 Mean 1 2 3 Mean penalty (s)
Fized Cable 83 94 89 8.9 73 85 86 8.1 17.0
Loose Cable  27.7 272 282 27.7 21.7 21.2 20.8 21.2 48.9

The total time penalty in Table 3 is applied to every charging event returned. The

time taken to charging for each charging type is given as follows:

e For charging while parked at home: a fixed cable time penalty (17.0 s) is applied

to each charging event

e For charging while parked at work or a public destination: a loose cable time

penalty (48.9 s) is applied to each charging event

e For en route charging: a fixed cable time penalty (17.0 s) is applied to each

charging event in addition to the time taken to carry out the necessary charging

Note that although these time penalties are given in seconds, they are converted to
hours for all equations presented in this chapter.

The time elapsed between stopping and exiting the car, and between re-entering the
car and starting to move again, is neglected in the calculation of both parked and en

route charging events. For parked charging events, this is based on the assumption that
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the driver would be leaving the vehicle regardless of whether a charging action would
be taken, because all parked charging events are taken at destinations (home, work or
public) that the driver will come to be at regardless of the type of vehicle they arrive in.
Therefore, the time penalty of this event is the detour from their intended trajectory,
as quantified by the time penalties in Table 2.4. For en route charging events, although
the time taken to exit and re-enter the car would represent an additional time penalty,

it is negligible in comparison to the time spent charging the vehicle.

2.2.4 Heuristic to Evaluate Idealised Charging Schedule Given a Travel
Diary from the UK National Travel Survey

Overview

The total time penalty of EV charging is calculated by a heuristic method that derives
an idealised charging schedule to cover the energy requirements of any given seven-day
travel diary from the UK NTS. It will return the minimum number of charging events
in order to maintain the vehicle’s SoC at a sufficient level, choosing parked charging
events first and then resorting to en route charging events only when it cannot meet
the travel diary’s energy requirement by parked charging alone.

The heuristic is based on the assumption that parked charging will always carry
a lesser time penalty than en route charging, and will return the optimum charging
schedule given this assumption. The following sections describe the process followed by

the heuristic presented in this chapter.

Energy Requirement for Travel Diary

7 denotes the set of trips in a vehicle’s travel diary. For each trip ¢, i € Z, the average
speed v; (km/h) is calculated from the trip distance d; (km) and total trip duration D;
(hours) (2.1).

dz'
v; = 2.1
v D; (2.1)

The vehicle’s energy consumption (Figure 2.3) is defined for three types of trip:
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‘city’, ‘highway’ and ‘combined’. The assignment of a particular journey to one of these
types is based on average speed: ‘city’ for journeys with an average of less than 50
km/h, ‘highway’ for journeys with speeds greater than 100 km/h and ‘combined’ for
journeys with speeds in between. These speed thresholds are based on free-flow traffic
speed recorded on roads in Britain [81].

Following the setting of the vehicle’s energy consumption ¢; (kWh/km) during trip
i, the energy demand W; (kWh) of trip i is calculated (2.2).

Wi = dici (2.2)

The SoC (per unit) S; at the end of each trip, including any en route charging
during the trip and any parked charging immediately after the trip, is set as in the
energy balance in (2.3).

Wi

S; =8, 1 — Yol LY (15,4, PPCY + ®¢(Si_1,€) (2.3)

where:

e (' is the vehicle’s battery capacity (kWh).

e II; is a decision variable {0,1} for parked charging at the end of trip ¢; 0 if no

parked charging action taken, 1 if parked charging action taken.

e & is the increase in SoC from a parked charging event at the end of trip i; a
function of ¢, the time (hours) at which the vehicle starts the parked charging
event after trip i, t?, the time (hours) at which the vehicle stops the parked
charging event after trip ¢ (and hence starts its next trip) and PiD ¢ the maximum
rated DC charger power (kW) available during the parked charging event following

trip 7.

e ®¢ is the increase in SoC from en route charging events within trip 4; a function
of the SoC after the previous trip and any charging events during or immediately

afterwards S;_1 and ¢;, the remaining energy requirement until the next charging
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opportunity (or, if there are no charging opportunities following trip i, the end of

the travel diary).

In order to schedule charging events, two further variables must be established.
Firstly, S™" is the minimum allowable SoC (2.4) based on a prescribed minimum range

rm

m of 25 km driven at the combined energy consumption value ¢ from Figure 2.3.
Secondly, Z; is the SoC after each trip ¢ before the addition of any charging associated

with that trip (2.5).

(2.4)

A (2.5)

The heuristic (Figure 2.4) starts by initialising all parked charging decision variables
II; and all increases in SoC from parked charging and en route charging ®7 and ®¢
respectively equal to zero for all trips. The SoC at the start of the travel diary Sy is set
to 0.8 for reasons described in Section 2.1.3. The SoC S; after each trip ¢ — currently
with no addition from charging — is calculated for all trips from (2.3). If S; for all trips
is greater than or equal to the minimum SoC S™". then no charging is required. If
not, parked charging events are scheduled according to the method described in Section
2.2.5. If at this point any S; remains less than S™", en route charging events are

scheduled as described in Section 2.2.6.

38



Chapter 2. On the Ease of Being Green: The Inconvenience of Electric Vehicle

Charging

START

| Initialise IT; = d = &f =0V i |
l
| SetS, =0.8 |

l

| Calculate S; Vi (3) |

Y

Parked Charging Scheduling
Algorithm

Y

En Route Charging Scheduling
Algorithm

Compute total charging time penalty
AEV

STOP

STOP

STOP

Figure 2.4: Flowchart showing heuristic method to derive idealised charging sched-
ule given UK National Travel Survey travel diary and hence compute time penalty of

charging

To illustrate the end result of the algorithm in Figure 2.4, an example charging

schedule derived from the example travel diary from Table 2.1 is shown in Table 2.5

for an EV with a 24 kWh battery under the low power charging scenario with access to

parked charging at home only.

Table 2.5: Example charging schedule derived using algorithm for NTS Travel Diary
in Table 2.1, for EV with 24 kWh battery under the low power charging scenario with
access to parked charging at home only (converter efficiency = 88%)

Trip Charge Starting Ending Rated Plug- Plug-
# Type SoC SoC DC power in time out time
(kW) (Weekday, (Weekday,
HH:MM) HH:MM)
6 Home 0.34 1 3.7 Tu 12:15 Sa 07:00
9 En route 0.22 0.56 50 Su 20:12 Su 20:21
9 Home 0.22 0.8 3.7 Su 20:45 N/A

Based on the set of charging events described in Table 2.5, the total time penalty
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for this EV driver would be three fixed cable parked charging penalties of 17 s (Table
2.4) plus the total time of the en route charging event during trip 9, equal to 9 m 43
s. The total time penalty would therefore be 10 m 34 s. Normalised by the total time
spent driving (4 h 5 m), this equates to a charging time penalty of 2 m 35 s per hour
of driving.

Note that the algorithm presented in this section is also used in Chapters 4 and 5
of this thesis in order to provide a method of deriving likely charging schedules from
travel diaries. Where applicable, the algorithm is modified — these modifications are

described in the relevant chapters.

2.2.5 Parked Charging
Parked Charging Scheduling Algorithm

The parked charging scheduling algorithm is shown in Figure 2.5. It will first return
a set IC of trips which end with a parked charging opportunity. These are based on
the destination of each trip and the level of access to parked charging that the vehicle
is assumed to have (Section 2.2.2). K contains the indices of the trips where parked
charging is possible; for example, if parked charging is possible at the end of the first,
fourth and fifth trips then K = {1,4,5}. For cases where the vehicle does not have
access to any charging at the locations present in the destinations of trips in the travel
diary, I will be an empty set and hence no parked charging events can be scheduled.
The algorithm will loop through each trip i. If S; < S™™", then it will seek to

schedule the minimum number of parked charging events before trip 7 such that:

1. The SoC after trip ¢ is greater than or equal to the minimum permissible, i.e.

2. In a set of possible parked charging events in K before trip ¢, the one that delivers

the greatest increase to S; is chosen.

A flag variable @ is initially set to Z; (2.5) and used to track whether taking a

parked charging opportunity will lead to an improvement in .5;.
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For each parked charging opportunity & in IC that is before trip ¢, the potential SoC
gain @i from that opportunity is calculated. To evaluate the effect of taking a parked
charging opportunity after trip k on the SoC following trip ¢, the decision variable is
set Il = 1 and all other decision variables whose indices are within K are set to zero.
The resulting value of S; is copied as F; and stored in S, the set of potential values of
S; resulting from all possible parked charging opportunities before trip i.

This process is repeated until all possible parked charging events before i are trialled.
If the maximum element in set S is greater than @, then taking parking opportunity
after trip k such that Fy = max (S) will offer the best improvement to the SoC after
trip ¢ out of any of those possible. In this case, the vehicle will charge while parked at
the end of trip k, and the corresponding decision variable is set IIy = 1. Once a parked
charging event is chosen, it is removed from K. .S; is updated for all trips and @ is set
to S;. This process is repeated until either S; > S™" or adding more parked charging

events brings no improvement to S; (i.e. max (S) < Q).

|

Return set K of trips ending with a | Initialise @ = Z;, S = @ |

parked charging opportunity l
| ForeachkinKifk <i |
| Foreachiinl | l

—>| Evaluate @2 (t5, td, PE) |
l ﬁ

| Setll, = LI, =0V, €K # k | | Set My = 1 such that F, = max(S) |

= | Re-evaluate S; | | Remove k from K |

g ! !
| SetF; = S, | | Update S; |

- l l
Z | S =SUF, | | 0=5, |

° 1

N @
Y

Y

More i?
\lN/~

Compute total parked charging time
penalties AP

STOP

Figure 2.5: Flowchart showing parked charging scheduling algorithm
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Lithium-Ion Charging Profile

Parked charging is governed by a standard Constant Current — Constant Voltage (CC-
CV) lithium-ion battery charging curve [82-87] consisting of a constant current (CC)
stage in which the vehicle can receive full power until its SoC reaches a value of ~, taken
to be 0.8 in accordance with a real charging profile of an ABB EV charger presented
in [84], followed by a constant voltage (CV) phase during which the charging power
exponentially decays to zero as the SoC tends to 1. Charging power level can be
expressed as a ‘C-rate’, i.e. the ratio of power of charging (kW) to the battery capacity
(kWh). Figure 2.6 shows the charging power and SoC versus time for a battery charged

at four different C-rates.
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™ g 082
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LI) /” 6
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2 1¢ o
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Figure 2.6: Battery charging profile for lithium-ion batteries used for simulation of
charging while parked — solid lines show applied power, dashed lines show battery state
of charge

The charging power (kW) of the potential parked charging event following trip i at

time ¢ (hours) is related to time via the function in (2.6).
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Pi(t) = ' (2.6)

where PZ-D € is the DC charging power (kW) available at the potential parked charging
event following trip ¢, A; is the decay constant of the charger power of charging event
i in the CV region and ¢ is the time (hours) in the charging event following trip ¢
at which the battery’s SoC reaches v and the charging event transitions from the CC
region to the CV region.

PPC is equal to the corresponding AC charging power PZAC (Table 2.2) multiplied

by a one-way AC/DC converter efficiency 7, set to 0.88 in accordance with empirical

results presented in [83] (2.7) and ¢] is calculated via linear interpolation in (2.8).

PPC =y pAC (2.7)
(v —2;)C
t] = Tﬁl + (2.8)

7
The type of charging event i is decided by the order of ¢, ¢] and t¢. The type of
the charging event dictates how the resulting increase in SoC is calculated (Sections

2.2.5-2.2.5).

Increase in SoC due to Constant Current (CC) Only Parked Charging Events

If ¢] is greater than the parking end time tf, the vehicle was not parked for sufficiently
long to reach an SoC of v and the charging event is a CC-only event. In this case, the

increase in SoC from charged parking event i is calculated as in (2.9).

$CC _ PPC(td —tf)
oo _ L W —h)
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Increase in SoC due to Constant Current (CC) - Constant Voltage (CV)

Parked Charging Events

If t¢ is greater than the parking duration t), which in turn is greater than the charging
event start time ¢7, the vehicle will be charged in CC until it reaches ] and CV there-
after. To approximate the decay constant \;, the area under the curve between tz and
t>°, the time at which the charging power reaches a value close to zero (taken as 1%
of the maximum rated power PZ-DC), must be equal to 20% of the battery’s capacity C
(2.10).

" pPOeNilt=t) gy = .20 (2.10)
7
After performing the integration and simplifying, an expression in terms of A\; and

t>° results in (2.11).

PPC (e~ —t) _ 1) 4 0.20); =0 (2.11)

For a given charging power, \; and t7° are approximated by the solution of a mul-
tivariate optimisation problem: to minimise the objective function expressed in (2.12)

subject to the constraints in (2.13)-(2.15).

FNi, t2°) = PPC (e M1 — 1) 4 0.20), (2.12)
f(i, t5°) = 0 (2.13)

i, t5° >0 (2.14)

e M) < 0.01 (2.15)

The total energy transferred to the vehicle’s battery in the CV region is found
by evaluating the integral on the LHS of (2.10) between t] and ¢3°. This allows the
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calculation of the increase in SoC from a CC-CV parked charging event (2.16).

pDC pPe
HCC-CV _ i (tz — )+ A
¢ =

C

(1-— e—)\i(tfo—tZ))

(2.16)

Increase in SoC due to Constant Voltage (CV) Only Parked Charging Events

If ¢7 is greater than ¢], the vehicle began the charging event with an SoC above v. In
this case, the total energy transferred to the vehicle’s battery in the CV region is found
by evaluating the integral on the LHS of (2.10) between t7 and ¢7°. Simplifying, this
gives the calculation of the increase in SoC from a CV-only parked charging event as

(2.17).

cv PDC it Ait°
(bi = W (6_ i — e ) (217)
) 1

Selection of SoC Increase Function

The SoC increase function due to parked charging event i is given by (2.18).

d¢C, 2 <td<t)
DY = TV s <) < td (2.18)
¢V, <t <td

The time penalties due to parked charging 67 (hours) for each trip ¢ in a vehicle’s

travel diary are found by (2.19).

5P, =1
o = (2.19)
0, otherwise

where 5{ P is a fixed charging time penalty (hours) that depends on the location of

charging (Section 2.2.3).
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2.2.6 En Route Charging
En Route Charging Scheduling Algorithm

En route charging events are scheduled only if S; < S™" for any trip following the
scheduling of parked charging events as in Section 2.2.5. The algorithm used for schedul-

ing en route charge events is shown in Figure 2.7.

START

Foreachiinl

S; = sming

l

Calculate number of en route

Y ¢ charging stops n;

Calculate energy requirement from
Compute total en route charging en route charging ¢;
time penalty A®

Compute total en route charging
STOP time penalty &7, discounting breaks
necessitated by long journeys

Figure 2.7: Flowchart showing en route charging scheduling algorithm

next i

Increase in SoC from En Route Charging Events

Upon discovery of a trip for which S; < S™". the algorithm will calculate the number
of necessary en route charging stops m; during that trip (2.20). The numerator in
(2.20) represents the energy that the vehicle must attain in en route charging events to
make it to the end of trip 4 with an SoC equal to S™". This is given by the energy
requirement of trip ¢ minus the ‘free energy’ the vehicle has at the beginning of trip
i, i.e. the difference between S;_; and S™™ multiplied by the battery capacity C.
The denominator in (2.20) represents the maximum quantity of energy that can be
taken by the vehicle in one charge: as charging from 80% to 100% SoC would take
a disproportionately long time (Section 2.2.5), the vehicle will stop charging when it
reaches 80% SoC. It should be noted that while this assumption is valid for the CC-

CV charging profile as shown in Figure 2.6, the advent of charging techniques such as
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the sinusoidal-ripple-current proposal in [88|, the fuzzy multi-stage approach in [89],
the SoC estimation method in [90]| or the multi-stage CC-CV method in [91], has the
potential to allow EVs to charge to SoCs above 80% in significantly less time than it
would take for a typical CC-CV regime such as in Figure 2.6. Under such a regime,
the denominator in (2.20) would increase and drivers would be able to receive a greater
amount of energy from a given en route charging session. The effect of this would be
to reduce the level of charging inconvenience suffered by drivers, as they would have to

make fewer stops.

[E" L k) )CW , i Ep > (S — S™C
n; = (y —§mm)C (2.20)

0, otherwise
If trip ¢ does not present the vehicle with a parked charging opportunity, then it will
charge more than is required for the current trip, up to a limit of 80% SoC on the final
th

(nt

") en route charging session in trip ¢, so as to avoid having to charge immediately

upon starting the next trip. Any further charging requirement until the next parked
charging opportunity (denoted by trip o in (2.21)) will be covered in subsequent trips.
It follows that the energy requirement ¢; for all en route charging sessions in trip ¢ is

given by (2.21).

min {n;(y — S™")C — (S;_1 — S™™)C,

g = ZEh — (57;71 — Smm)c}’ if ng > 1 (221)
h=i
0, otherwise

The SoC increase due to all en route charging events in trip ¢, ®¢, is then given by

(2.22).

(2.22)

47



Chapter 2. On the Ease of Being Green: The Inconvenience of Electric Vehicle
Charging

Calculation of En Route Charging Time Penalties

It follows that the time penalty ¢ (hours) endured by the vehicle from the en route
charge events in trip 4 is a sum of the fixed charging time penalties 5Zf ¢ (hours) associated
with plugging in and removing the cable (Section 2.2.3) and the total en route charging
duration d¢ (hours) (2.23), which is adjusted to account for the presence of any natural

breaks that would have been taken as part of long journeys as per Section 2.1.3 (2.24).

8¢ = nol® + & (2.23)
% ~0.25 {J T % > 0.25 {J
5 = h h (2.24)
0, otherwise

where P¢ is the en route charging power available, depending on the battery capacity
and charging power scenario (Table 2.2), and h is the number of hours’ driving before
a 15 minute (or 0.25 hour) break is necessitated. In the UK Highway Code compliant

scenario, h = 2. In the sensitivity case, h = 4.

2.2.7 Boundary Conditions

As mentioned in Section 2.1.3, the EV must finish its travel diary with an SoC of v, so
as to have replenished all the energy it expended through making the series of trips. If
the travel diary’s final trip represents a charging opportunity, then a fixed time penalty
associated with plugging in and removing the cable is applied according to the type
of parked charging event it is (Table 2.4). If not, then the parked charging scheduling
algorithm (Section 2.2.5) is run to find the minimum number of parked charging events
such that the final SoC is at least . If it is still below 7, then an en route charging
session must be scheduled (Section 2.2.6) and the corresponding time penalties are

added to the vehicle’s total.
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2.2.8 Total EV Charging Time Penalty

The total charging time penalty seen by an EV given a travel diary AV is given by
(2.25).

APV =N (60 + 07) (2.25)

€L
The results presented in Section 2.3 are normalised by the total driving time in the
AEV

vehicle’s travel diary to give in minutes time penalty per hour of driving time,

hence allowing easier comparison across the spectrum of driving behaviours (2.26).

Apv _ B0AFY
=55,

1€L

(2.26)

2.2.9 Comparison to ICV Fuelling
Overview

An ICV’s fuelling time penalty is equal to a fixed time penalty associated with a fuelling
action from a minimum fuel level (at which the vehicle’s remaining range is 25 km) to
a full tank multiplied by the amount of fuel the vehicle consumes during the week as a

proportion of a the fuel tank’s usable space.

Fixed Fuelling Time Penalty

Two ICVs were used for the comparative analysis to represent a likely spread of the ex-
pected time penalty of ICV fuelling; the 2018 Fiat 500 1.4L petrol, a small ‘city’ car with
a 40 litre fuel tank and a fuel economy of 11.9/12.8/14.0 km /1 (city/combined /highway)
and the 2018 Kia Sorento 2.4L petrol, a larger, longer-range vehicle with a 71 litre fuel
tank and a fuel economy of 8.9/9.4/10.6 km/1 (city/combined/highway). As for the
EV analysis, the fuel economy data was taken from the US Environmental Protection
Agency’s fuel economy test data [38].

The time penalty of a fuelling stop was fixed, based on the observed time taken

for 50 ICVs visiting a petrol station in Glasgow, UK. The total time to visit the petrol
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station was taken as the time between stopping at the pump and leaving the pump after
refuelling. Figure 2.8 shows histograms and CDFs for the time taken to refuel an ICV,
the time taken to pay for the fuel either in the shop or at the pump and the total time
between arriving at the pump and leaving again after refuelling, including any walking

between the car, pump and shop.
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Figure 2.8: Probability distributions of time taken to refuel ICV at a petrol station,
comprising of time taken to refuel and time taken for fuel payment

It was found that the mean time taken to refuel an ICV was 271 seconds, comprised
of 97 seconds pumping fuel into the vehicle, 126 seconds paying for the fuel either in
the shop or at the pump and the remaining 48 seconds walking between the car, pump
and shop. As could be expected, Figure 2.8 shows a greater variation in the time spent
paying for the fuel than in the time spent actually fuelling the vehicle, likely because
customers could have been buying other items or subject to a queue within the shop.

Due to its considerably larger fuel tank size, the Kia Sorento is subject to fewer
petrol station stops than the Fiat 500. To establish a spread of expected petrol station
time penalties, the best case is represented by the Kia Sorento with a fuelling time
penalty of 207 seconds and the worst case is represented by the Fiat 500 with a fuelling
time penalty of 294 seconds, representing the 25" and 75" percentiles respectively of
the total time spent at the petrol station (Figure 2.8). Note that although these time
penalties are given in seconds, they are converted to hours for all equations presented
in this chapter.

Although the time taken for the driver to get out of and re-enter the vehicle is not

included in the fixed EV charging time penalties (Section 2.2.3), it is included in the
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ICV fuelling time penalty. This is based on the assumption that, unlike in a parked
EV charging event, the driver is not leaving the car for any other reason than to refuel.
Furthermore, unlike an en route EV charging event, the time taken to exit and re-
enter the vehicle is not negligible in comparison to the total fuelling time penalty. It is
assumed that the time spent driving up to the petrol pump or the EV charge point is
common to both ICV fuelling and EV charging and would vary based on the specific

EV charging station or petrol station: thus, it is not included in either case.

Calculation of Time Penalty from ICV Fuelling Given a Travel Diary from
the UK National Travel Survey

For each trip i in the travel diary, the fuel requirement f; (1) is (2.27).

fi=l (2.27)

where d; and ¢; are the distance (km) and fuel economy (km/1) of each trip. The fuel
economy levels (city/combined/highway) are set by trip according to the same speed
thresholds as in the EV analysis (Section 2.2.4).

The minimum level of fuel the vehicle f™" is permitted is the amount of fuel that
would deliver the prescribed minimum range ™" of 25 km based on the combined fuel

economy €° (2.28), as analogous to the EV analysis (2.4).

man
fmin _ r

. (2.28)

The time penalty 6/¢" (hours) associated with trip 7 is then the fixed fuelling time
penalty 67*¢ (hours) multiplied by the fuel requirement f; as a proportion of the usable
fuel tank space (given between the difference between the tank size V (1) and the

minimum fuel f™"). As with the EV analysis, any natural breaks taken as a result of

long journeys are accounted for (2.29).
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5fuelem —0.25 LJ , if 5f“€lem > 0.25 {J
51OV _ V—f h V—f h (2.29)

0, otherwise

As the time penalty of fuelling an ICV is much shorter and the ranges of the vehicles
are longer, there is no reported difference in the resulting fuelling time penalty between
the Highway Code compliant case and the sensitivity case.

The total fuelling time penalty over the course of a travel diary AI¢V is then the
sum of the fuelling time penalties over the set of trips Z (2.30) which, as in the EV

analysis, is normalised by the total time spent driving to give A/CV (2.31).

ATV =3 "5V (2.30)
1€

A]CV B 60AICV
> Di

1€

(2.31)

2.3 Results

2.3.1 Total Charging Time Penalty per Driving Time
Cumulative Distribution Functions

Due to the significant variation in the duration and distance of journeys made across
the 39,020 travel diaries for which charging schedules are derived, results are presented
in the form of cumulative distribution functions (CDFs) in Figures 2.9-2.12 for four
scenarios relating to the charging power available (Section 2.2.2) and the breaks taken
during long journeys scenario (Section 2.1.3). Each figure shows a plot for each battery
capacity trialled. In all plots, the vertical axis shows the proportion of travel diaries
whose total normalised charging time penalty (minutes per hour driving) is less than or
equal to the corresponding horizontal axis value. Two lines are shown on each plot for
a direct comparison to the fuelling time penalty endured by ICVs for the ‘worst case’

(Fiat 500, 75" quartile refuel time) and the ‘best case’ (Kia Sorento, 25" quartile refuel
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time) (Section 2.2.9). The level of charging access is given in the legends: H, W and
P represent access to home, work and public destination charging respectively and a —
symbol preceding any letter represents lack of access to charging at that location. The
horizontal axes are limited to values below 5 minutes’ charging time penalty per hour

driving to enable clarity for lower charging time penalties.

LOW POWER SCENARIO, 15 MINS BREAK /2 HOURS DRIVING

— HWP  —— H-WP
----- HW-P - H-W-P

Kia Sorento - Q25 refuel time
-+ Fiat 500 - Q75 refuel time

CDF

Charging time penalty Charging time penalty Charging time penalty
(minutes per hour driving) (minutes per hour driving) (minutes per hour driving)

60 kWh o 75 kWh o 100 kWh

0 1 2 3 4 5 0 1 2 3 4 5 1 2 3 4 5
Charging time penalty Charging time penalty Charging time penalty
(minutes per hour driving) (minutes per hour driving) (minutes per hour driving)

Figure 2.9: Cumulative distribution functions of normalised charging time penalty (min-
utes per hour driving) for various battery capacities and levels of charging access — low
power scenario, UK Highway Code compliant case (15 minutes’ break per 2 hours’
driving)
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LOW POWER SCENARIO, 15 MINS BREAK /4 HOURS DRIVING

Kia Sorento - Q25 refuel time
Fiat 500 - Q75 refuel time

40 kWh

L
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@]
Charging time penalty Charging time penalty Charging time penalty
(minutes per hour driving) (minutes per hour driving) (minutes per hour driving)
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Figure 2.10: Cumulative distribution functions of normalised charging time penalty
(minutes per hour driving) for various battery capacities and levels of charging access
— low power scenario, sensitivity case (15 minutes’ break per 4 hours’ driving)
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HIGH POWER SCENARIO, 15 MINS BREAK /2 HOURS DRIVING

“HWP — "H-WP ——- Kia Sorento - Q25 refuel time
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Figure 2.11: Cumulative distribution functions of normalised charging time penalty
(minutes per hour driving) for various battery capacities and levels of charging access
— high power scenario, sensitivity case (15 minutes’ break per 2 hours’ driving)
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HIGH POWER SCENARIO, 15 MINS BREAK /4 HOURS DRIVING
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Figure 2.12: Cumulative distribution functions of normalised charging time penalty
(minutes per hour driving) for various battery capacities and levels of charging access
— high power scenario, sensitivity case (15 minutes’ break per 4 hours’ driving)

Despite the normalisation of the results in terms of charging time penalty per driving
time, Figures 2.9-2.12 show a significant variation in the total charging time penalty
per driving time experienced by would-be EV drivers using the synthesised NTS travel
diaries. This is due to the variation in the type of journeys individuals are making,
particularly in terms of distance (and therefore energy requirement) and the frequency
and duration of parking opportunities between journeys. The variation in EV charging
time penalty is shown to be significantly greater than the variation in ICV fuelling time
penalty. This is due to the different types of time penalties involved; where drivers are
forced to charge en route, their time penalty is much greater than if they are not.

Having access to charging at more locations is shown to significantly reduce the

time penalty that an EV driver will expect to endure, with access to home charging
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being far more useful for minimising the total time penalty than workplace or public
destination charging. Consider the results for the low power charging scenario/Highway
Code Rule 91 compliant case with 24 kWh batteries as an example (the top-left plot in
Figure 2.9): while only a small proportion (1.31%) of EVs that rely solely on en route
charging (-H—-W-P) would endure a charging time penalty of a minute or less per hour
of driving, this is increased to 78.3% for EVs who have access to charging at home but
nowhere else (H-W=P) and 86.0% for EVs who have access to charging at all three
options (HWP).

Increasing the battery capacity also offers a dramatic reduction in time penalty,
providing the vehicle has some level of access to parked charging. Considering the same
set of results (Figure 2.9), the 78.3% of EVs with 24 kWh batteries and H-W—P access
to charging that expect to endure less than a minute of charging time penalty per hour
driving becomes 87.0% for 40 kWh batteries and 94.8% for 100 kWh batteries; the 86.0%
of EVs with 24 kWh batteries and HWP access to charging that expect to endure less
than a minute of charging time penalty per hour driving becomes 91.6% for 40 kWh
batteries and 96.6% for 100 kWh batteries. For individuals who solely rely on en route
charging, the effect of increasing the battery size (and therefore the range), results in
fewer stops and therefore fewer fixed time penalties. However, the expended energy
must still be recouped after the travel diary so the time penalty associated with en
route charging itself must be the same for a given charging power. The result is a very
slight increase in the proportion of EVs that expect to endure a charging time penalty
of a minute or less per hour of driving from 24 kWh (1.31%) to 40 kWh (1.34%), and
a larger increase for when vehicles have access to higher charger power, as they are
assumed to for capacities of 60 kWh and over (Table 2.2) — accordingly, 3.1% of EVs
with 100 kWh batteries are expected to endure a charging time penalty of a minute or
less per hour of driving.

By comparing Figures 2.9 and 2.11, the effect of charging power is shown for the
UK Highway Code compliant assumption. The result of increasing charging power from
the low to high power scenario is a reduction in time penalty for all use cases, though

a much greater reduction for those without access to charging at home due to the
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greater increases in charging power as a result of moving from the low to high power
charging scenarios (Table 2.2) and the fact that EV users who lack access to charging
at home are more likely to be forced to rely on en route charging to a greater extent,
something which carries a time penalty associated with the charging itself, which is
inversely proportional to the charger power available. For example, while 20.9% of 30
kWh EVs would experience a charging time penalty of a minute or less with ~-HW—-P
under the low power scenario, 35.9% of the same EVs would experience the same time
penalty or less under the high power scenario.

The effect of increasing charging power is greater for those with higher time penalties
than it is for those with lower time penalties. This is because those with higher penalties
are increasingly dominated by en route charging which, as already mentioned, carries
a time penalty inversely proportional to the charging power. This can be seen by
comparing Figures 2.9 and 2.11; whereas in the low power scenario there remains a
small proportion of EVs with 24, 30 or 40 kWh batteries with access to charging at
home who are expected to endure a time penalty of greater than 5 minutes per hour of
driving, for the high power charging scenario virtually 100% of EVs of all battery sizes
can expect to endure a charging time penalty of less than 3 minutes per hour of driving.

By comparing Figure 2.9 with Figure 2.10 and Figure 2.11 with Figure 2.12, the
effect of moving from the Highway Code compliant case to the sensitivity case is to
reduce the cumulative probabilities that a vehicle will experience a normalised time
penalty under a certain value. Though slight, the effect is more pronounced at larger
normalised time penalties, reflecting the fact that those more likely to endure greater
time penalties (chiefly diaries with longer journeys and therefore a need to stop and

charge en route) are more likely to be affected by this assumption.

Convenience Parity between EVs and ICVs

‘Convenience parity’ is defined in this chapter as the point — for a particular combination
of battery capacity, charger power and level of access to charging — at which EV charging
carries a comparable time penalty to ICV fuelling. Convenience parity is shown in

Figures 2.9-2.12 by the region where the coloured lines representing the time penalty
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endured by EVs under each case are between the black lines representing the best and
worst cases for ICV fuelling.

As suggested in Section 2.1.1, there could be cases where EV charging is of greater
convenience than ICV fuelling, provided that parked charging opportunities (which
have a smaller time penalty than ICV fuelling events) are sufficiently plentiful such
that the vehicle does not run out of range between them. This is indicated by the
regions in Figures 2.9-2.12 by the coloured lines being to the left of the black lines: for
example, in the low power, UK Highway Code compliant case (Figure 2.9), it is clear
than approximately 80% of EVs with 40 kWh batteries would expect less inconvenience
than ICV users if they had access to charging at home. This is a particularly significant
result as 40 kWh has recently established itself as a ‘standard’ battery capacity for
EVs at the affordable end of the market (this is discussed further in Section 2.4). The
effect of charger power on the proportion of EVs that are likely to experience greater
convenience than ICVs is negligible. This is due to the fact that those with low time
penalties are dominated by fixed time penalties associated with plugging in/removing
cables and hence are not affected by charging power. It should be noted that there are
no combinations of battery size and charger power that allow EVs without access to
home charging greater convenience than ICVs.

In the low power charging scenario for those with access to at least charging at home,
in excess of 75% of travel diaries achieved convenience parity from battery sizes of 24
kWh, increasing to 85% for battery sizes of 40 kWh and 90% for 60 kWh. Convenience
parity is significantly more difficult to achieve without access to charging at home. The
next best option is shown to be having access to charging at both work and public
places. This enables convenience parity for approximately 50% of travel diaries with
battery capacities of 40 kWh.

Increasing the charging power makes it easier for convenience parity to be achieved
for those without access to charging at home; in a high power scenario, around 60% of
40 kWh EVs with access to charging at work and public places can expect convenience
parity with ICVs. However, a sizeable proportion of EV drivers can still expect to see

considerable inconvenience relative to ICV drivers: even with large battery sizes, only a
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small proportion of travel diaries were able to achieve convenience parity between EVs
and ICVs.

A common factor to all plots in Figures 2.9-2.12 is the trend towards significantly
larger time penalties expected for those who must rely solely on en route charging.
Due to the boundary conditions assumption detailed in Section 2.1.3, the time penalty
expected by these individuals does not change with battery size, apart from the fact
that the highest three battery sizes on trial are assumed to have access to a faster rate
of charging (Table 2.2). An increase in charger power reduces the time penalty suffered
by this group of individuals, though there is no combination of battery capacity or
charger power that enables their convenience parity with ICVs: due to the significant
difference in the rate at which energy can be added to the vehicle based on current
battery technology (as previously discussed in Section 2.1.1), the use of an EV will
remain considerably less convenient than the use of an ICV unless the driver has some

level of access to parked charging.
2.3.2 Delay due to Charging During Long Journeys

Proportion of Trips Facing Delay due to Charging

Figure 2.13 shows a histogram of all journeys in the NTS data by distance, with vertical
lines to indicate the proportion of journeys that could not be completed on a single
charge with at least 25 km range remaining, given the journeys’ energy requirements

and vehicles’ energy consumption levels (Figure 2.3).
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Figure 2.13: Histogram showing frequency of trips in UK National Travel Survey by
distance with vertical lines indicating the proportion of trips that each vehicle modelled
would not be able to complete on a single charge with at least 25 km range remaining

While the proportion of trips that are outside of the range of all vehicles considered
could be stated as being relatively small, the perception that EV charging would cause
an inconvenience during long journeys has already been discussed as a barrier preventing
consumers switching their ICVs for EVs.

Figure 2.14 shows a breakdown of the proportion of trips which would face a delay
from having to charge where the charging could not be fitted into the natural breaks
taken during the journeys for varying battery capacities if it is assumed UK Highway
Code Rule 91 is followed (left) and for the sensitivity case where drivers take breaks
half as often as they are advised to (right). Note that for the analysis presented in this

section, it is assumed that the vehicle starts each long journey with an SoC of 1.
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Figure 2.14: Proportion of trips facing delay for EVs with various battery sizes for
low and high power charging scenarios — UK Highway Code Rule 91 case (left) and
sensitivity case (right)

In Figure 2.14, the blue bars represent the vertical lines as on Figure 2.13 and
the orange/green bars represent the proportion of journeys that would be delayed by
charging over and above the delays for natural breaks. As shown by the difference
between the orange and green bars, increasing the charging power available to the
vehicle reduces the proportion of trips that incur a delay additional to that for natural
breaks. Drivers who take fewer breaks than recommended by the Highway Code will
experience more frequent additional delays for charging. Due to the higher charging
power available for EVs with battery capacities of 60 kWh and above, the proportional
difference between the blue bars and other bars is greater for these larger battery sizes:
for the case where drivers are compliant with the UK Highway Code, 0.007% of journeys
are expected to face delay due to charging for an EV with a 60 kWh battery for the low
power charging scenario, that result being 0.0002% for the high power charging scenario.
For the sensitivity case, this is significantly higher: 0.21% of journeys are expected to
face a delay for the low power charging scenario and 0.12% of journeys are expected to

face a delay under a high power charging scenario.
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Adjusted Journey Times due to Charging Delay

Figure 2.15 presents probability distributions of the length of delay that EV drivers can
expect on long journeys for different battery capacities for the low power (left) and high
power (right) charging scenarios for both the Highway Code Rule 91 case (top) and the

sensitivity case (bottom).
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Figure 2.15: Cumulative distribution functions showing the length of delay due to
charging per 100 km driving distance for various battery sizes for low power (left) and
high power (right) charging scenarios for both the Highway Code Rule 91 case (top)
and the sensitivity case (bottom)

Figure 2.15 shows that on the occasions when delays do occur, their duration is

linked to battery capacity and charging power. To consider the case where drivers are
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assumed to be compliant with the UK Highway Code: while approximately 45% of
journeys with a 24 kWh EV that faced a delay would experience a delay exceeding 5
minutes per 100 km driven, approximately 10% of journeys with a 40 kWh EV that faced
a delay would face the same delay per 100 km driven for the low power charging scenario.
Increasing the charging power is seen to have a significant effect on the expected delay,
with fewer than 0.1% of the journeys that faced a delay (shown in Figure 2.14 to be
approximately 0.7% of total journeys) facing a delay of over 5 minutes for a 24 kWh
EV. It is shown that in both charging scenarios, the delays faced by EVs with battery
capacities of 60 kWh and above are very small: it is argued that as these represent
such a tiny proportion of overall journeys taken, convenience parity for long journeys
occurs for battery capacities of 60 kWh and above. For the sensitivity case, a higher
proportion of journeys are delayed and those delays are more likely to be longer. The
45% of journeys in which a 24 kWh EV would face a delay of over 5 minutes per 100
km driven becomes 69% under the sensitivity case, and the 10% of journeys in which a
40 kWh EV would face a delay of over 5 minutes per 100 km becomes 20% under the

sensitivity case.

2.3.3 Number of Infeasible Travel Diaries

Figure 2.16 shows the proportion of NTS travel diaries that are rendered infeasible by
the presence of en route charging, i.e. when the time penalty attributed to en route
charging in a given trip means that the arrival time would occur after the departure

time of the subsequent trip.
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Figure 2.16: Proportion of UK National Travel Survey travel diaries made infeasible by
EV charging for varying battery sizes and levels of charging access with comparison to
ICV analysis for low power (left) and high power (right) charging scenarios for both the
Highway Code Rule 91 case (top) and the sensitivity case (bottom)

Figure 2.16 shows another metric — besides the total time penalty — of the inconve-
nience of EV charging. For individuals who lack access to parked charging, a significant
proportion (up to 10.7%, in the case of 24 kWh EVs under the low power charging
scenario in the sensitivity case where drivers take a 15 minute break every 4 hours) of
travel diaries are rendered infeasible by the use of an EV. Increasing access to charging is
shown to dramatically reduce the proportion of travel diaries rendered unfeasible, with

access to home charging or access to work and public charging reducing the proportion

65



Chapter 2. On the Ease of Being Green: The Inconvenience of Electric Vehicle
Charging

of infeasible travel diaries by up to a factor of 4. It is shown that increasing the charger
power available also offers a significant improvement; the 10.7% of travel diaries for the
above circumstances is reduced to 5.8% for the high power charging scenario. Increasing
the battery capacity reduces the proportion of infeasible travel diaries, though for bat-
tery capacities of 60 kWh and over this rate of reduction decreases. It is suggested that
this is due to a small proportion of travel diaries with longer journeys sufficiently close
together such that an EV with any combination of the parameters trialled is unable to
make the start time of the second journey from a delayed finish time of the first.

As shown in Figure 2.16, the assumption regarding how often breaks are taken during
long journeys has a subtle effect on how many travel diaries are deemed infeasible. This
could be due to the small presence of long trips in the data (Figure 2.13), or that the
parking events tend to be of greater duration (and therefore more likely to be able
to absorb any delay from having to stop and charge) for long journeys than shorter
ones: the average parking duration following a journey of 2 hours or longer is 16.2
hours, compared to 10.6 hours for those following journeys under 2 hours (based on all

journeys in the NTS dataset).

2.4 Discussion

Across all the results presented in Section 2.3, it is clear that achieving convenience
parity between EV charging and ICV fuelling can be done by a combination of increasing
battery size, increasing charging power and — most importantly — enabling access to
charging at more locations.

It seems that the directions pursued by EV manufacturers (who will influence battery
size and what level of power the vehicles can charge at) and business owners, employers
and local authorities (who will influence the provision of publicly available charging
locations) are moving toward a trend of increased EV charging convenience.

Battery sizes that have historically been constrained to the higher end of the market
are becoming more widespread. For example, the Tesla Model S — a well-established
long-range EV with battery configurations between 60 and 100 kWh — starts at £75,500

in the UK including government subsidies [92], remaining outside of the budgets of most
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would-be EV consumers. In 2019, Tesla are launching their own Model 3 in the UK
with battery capacities between 50 and 75 kWh at the more modestly priced £38,800
after government subsidies 33| and Hyundai are pricing their Kona Electric with a 64
kWh battery at £32,845 after government subsidies [36]. Furthermore, ‘affordable’ EVs
are increasing in battery size as new versions are released: as shown in Figure 2.3, three
versions of the Nissan Leaf [53| have spanned three battery capacities in as many years
from 24 kWh to 40 kWh.

Charging power is also increasing. 150 kW rapid charging is becoming the new
norm for rapid charging, with BP Chargemaster — the UK’s largest public EV charging
network operator — planning to open 400 150 kW chargers by 2021 with the first being
installed in 2019 [93]. The first 350 kW charger has been installed in the UK as of
April 2019 [94], with cross-European joint venture Ionity planning to build 50 350 kW
chargers in the UK by 2020 [95]. New EV models are moving towards being able to
accept these levels of power: the Audi E-Tron can accept 150 kW [96] and the Porsche
Taycan — to be released in 2019 — is confirmed to have a 350 kW charging capability [97].

It also seems likely that future EV users will have access to charging at more loca-
tions. Asshown in Figures 2.9-2.12, having access to home charging renders convenience
parity achievable at modest battery sizes and charging levels. For the estimated 43%
of households that lack access to off-street parking in the UK [26], new options are
emerging such as the Connected Kerb system, designed to allow low-impact charging
infrastructure to be installed in the kerbs of residential streets [98] and the Char.gy
network of lamppost charging [28], designed for those who park their vehicles on-street
while at home. Increasingly, private companies are looking to provide free EV charg-
ing to attract more custom: as aforementioned, three of the UK’s biggest supermarket
chains have announced plans to install free-to-use EV charging infrastructure at their

stores [75-77].

2.5 Chapter 2 Conclusions and Further Work

This chapter has presented analysis of 39,020 travel diaries from the UK National Travel

Survey to investigate the inconvenience of EV charging relative to ICV fuelling. Incon-
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venience was quantified in terms of the time penalty suffered from charging or fuelling
actions to service journeys taken over the course of a week.

The key contribution from is the quantitative analysis of the proportion of week-
long travel diaries for which a driver could switch an ICV for an EV with no relative
inconvenience related to maintaining a level of energy storage in their vehicles required
to make the trips that they desire. It was found that the majority of EV drivers who
have access to charging at home can expect convenience parity compared to ICV drivers,
even for modest battery sizes. Increasing the battery capacity and charger power enables
those without access to charging at home to experience a much lesser time penalty
associated with charging than they would before, but there remains a big divide in the
convenience of personal mobility between those who can charge at home and those who
cannot. It is therefore established that a critical part of a future transportation system
that supports EVs is an abundance of facilities with which people can charge as they
park at home, regardless of whether that may be in a private driveway or not.

Aside from day-to-day driving as presented in the travel diary analysis, particular
attention was given to journeys whose distance is greater than the range of the vehicle
and hence cannot be made on a single charge. For this analysis, the assumption that
drivers are compliant to the Highway Code had a significant effect. If they are compliant,
it was found that, in the low power charging scenario for battery capacities of 40 kWh
and above, the majority of trips which were of greater distance than the range of the
vehicle would involve no delay resulting from charging that could not be fitted into
breaks that should be taken anyway. This was true for all battery capacities modelled
for the high power charging scenario. To the extent that the assumption of there being
sufficient charging infrastructure such that a vehicle can immediately locate a charger
upon reaching a minimum range of 25 km is valid, for battery capacities of 60 kWh
and above, the proportion of journeys that are expected to face an additional delay
from charging — 0.007% and 0.0002% for the low and high power charging scenarios
respectively — are negligible. For the sensitivity case where drivers are not compliant
with the Highway Code, a battery capacity of 60 kWh means that an expected 0.21%

and 0.12% of trips are expected to involve a delay from charging from the low and high
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power charging scenarios respectively.

It has been discussed how the developing trends in the EV industry regarding battery
size, charger power and charging infrastructure are likely to enable convenience parity
for a wider section of EV users, and as such these trends are promising for the mass
uptake of EVs that is widely cited as being required in order to reach net zero greenhouse
gas emissions. Although the trends observed in the EV market may be moving in the
right direction, there are still multiple challenges: EVs remain of high up-front cost and
the development of extensive charging infrastructure — which on the basis of the results
from this chapter could be argued as the most important technological development
required for the mass uptake of EVs — requires significant capital expenditure, both in
terms of the charging hardware itself and any grid reinforcements that must be made
in order to accommodate the charging demand. Thus, continued support of the sector
is critical.

Based on the contributions made by this chapter, the following pieces of further

work are identified:

1. To disaggregate the travel data into sets that represent different driving be-
haviours, e.g. travel diaries that contain regular long journeys and those that
are clearly that of a commuter. Results could then be published on the expected

charging time penalty for different groups of drivers.

2. To expand upon the model of vehicle energy consumption by considering how the
need to charge (and hence inconvenience associated with doing so) is affected by
driving style and the additional power demand caused by air conditioning and

heating.

3. To investigate alternative models of representing human behaviour and the impact

of ‘non-ideal’ decision-making on the resulting inconvenience of charging.

4. To carry out analysis with the consideration of non-binary levels of access to
charging. For example, while a driver might have access to charging at some
public destinations (Table 2), they may not have access to charging at all public

destinations they visit. Furthermore, if on-street home charging becomes widely
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available, then any one charger may be expected to be available less than a private
off-street home charger and the time penalty associated with finding a parking
space with an available on-street charger would likely be greater. This rate of
successful access to charging will have an impact on the results presented in this
chapter, and the value of a sensitivity study into the extent of that impact is

highlighted.

5. To investigate the relative cost and benefits of increasing battery size, increasing
charger power and widening access to EV charging as methods of making EV

charging more convenient.

6. To investigate how much EV charging will likely need to be done at various lo-
cations (within the workplace or public destination categories) based on the fre-
quency at which vehicles visit these destinations. From this point, infrastructure
planning could be informed as to the optimal number of charge points to install at
each location and electricity network planning could be informed as to the likely

demand profiles that would be seen at that point in the network.

7. To investigate the effect of continuing battery degradation on the results presented,
given that the capacity of the battery will fade as they are charged and discharged,
thus reducing the range of the vehicle and the charging rate attainable, thereby
increasing the required frequency of charging stops and reducing the amount of

energy that can be drawn from a given duration of charging.

8. To investigate the variation in willingness of EV drivers to undergo time penalties
(and suffer inconvenience’) as a result of charging based on variation in time of
day and any activity that may be interrupted. This would allow more detailed
analysis of likely driver charging behaviour, which would enable a more detailed

impression of likely charging load on networks.

9. To investigate the impact of participation of bidirectional charging schemes, a.k.a.
‘Vehicle 2 Grid’ (V2G), on the resulting inconvenience of charging, given that par-

ticipation in said schemes may reduce the ending SoC of charge events compared
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to an approach such as this one, in which the final SoC is maximised.

10. To investigate the likely effect of charging pricing on the choices drivers make
(with regards to which locations to charge at) and the resulting inconvenience of

the new schedules.
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Chapter 3

Characterising Electric Vehicle
Charging Demand at Public
Destinations and En Route
Charging Forecourts using

Smartphone Locational Data

3.1 Introduction

3.1.1 Motivation

As concluded in the preceding chapter, having the opportunity to charge while parked is
vital in securing a level of convenience associated with EV use that would resemble the
level of convenience of ICV use. While home-based charging was the most helpful type of
parked charging to have access to, being able to charge at work and at public destinations
such as supermarkets, shopping centres, gyms and cinemas — any destination where
parking may be provided — was shown to be able to increase the level of convenience
of EV charging. Furthermore, no matter how plentiful the supply of parked charging

opportunities there is a subset of journeys, as shown in Figure 2.13, that outstrip the
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range of the vehicle driven and hence stops to charge en route must be taken.

As the EV sector continues to evolve, the provision of destination and en route
charging infrastructure is expected to increase. [73] and [74] have suggested that EV
drivers are likely to actively seek out destinations that offer charging opportunities, even
at the expense of lengthening their own journeys. This explains the recent and ongoing
growth in free-to-use public charging infrastructure, installed by business owners as a
way of attracting additional custom. As of August 2019, three of the UK’s biggest
supermarket chains (Tesco, Morrisons and Lidl) have announced plans to install free-
to-use EV charging infrastructure at their stores [75-77], highlighting a recognition by
businesses who provide parking of the draw that can be offered by EV charging facilities.
Meanwhile, Shell and BP — two of the largest fuel suppliers in the UK — are installing
150 kW rapid charging stations on their petrol station forecourts [93,99]. Due to the
generally higher charger power ratings at destination and en route charging facilities
compared to at-home charging, network operators [100] and policymakers [101| have
expressed concern about the effect of this type of EV charging on the electricity system.

As discussed in Section 1.3, the demand of destination and of en route charging on
the electricity system are expected to be different to that of domestic charging — firstly
due to differing arrival times and lengths of stay, and secondly due to differing charger

power ratings.

3.1.2 Contribution

The key contribution of this chapter is to provide a set of modelling techniques to
characterise the likely temporal variation in EV charging demand at both public desti-
nations, for which cars are parked for durations ranging from 10 minutes to 3+ hours,
and en route EV charging ‘forecourts’, for which drivers pause their journeys for the sole
purpose of charging their vehicles. These characterisations are derived from analysis of
smartphone locational data from the Popular Times feature in Google Maps.

Section 3.2 presents an in-depth review of the literature surrounding the character-
isation of EV charging at public places, with an emphasis on works which have sought

to utilise some form of mobility data. The relative merits of different methods are
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discussed, and gaps in the literature are identified in which the work presented in this
chapter sits. Section 3.3 presents a description of the data source used in this chapter
— data from the Popular Times feature in the Google Maps website/smartphone ap-
plication — and discusses its application to this work, its advantages over other forms
of mobility data available and any limitations. Section 3.4 presents a method for the
characterisation of rapid en route charging demand at an ‘EV forecourt’, a charging
location analogous to a petrol station, using data from the Google Maps Popular Times
feature. Results are presented in terms of the probability that the demand from an EV
charging forecourt will exceed a certain value in a certain time period, and the results
are combined with loading data of a real distribution system in Scotland. Section 3.5
presents a method for the characterisation of destination charging at amenities such as
supermarkets, shopping centres, gyms and cinemas, again using data from the Google
Maps Popular Times feature. The method and assumptions associated with destination
charging are different to those concerning en route charging. The method is demon-
strated by probabilistic characterisations of charging demand in gym car parks and via a
specific case study of a hypothetical transmission-connected charging facility at a large

GB shopping centre. The findings of this chapter are summarised in Section 3.6.

3.2 Literature Review

There are many works in the literature concerned with the optimal placement of public
EV charging stations, based on combinations of the best options to EV drivers, the road
network and the power system. In [102], the authors present an equilibrium modelling
approach to combine a road network with that of an electrical system and placement
of a series of charging stations, establishing a cost minimisation of individual EVs be-
tween seeking the lowest cost charging option and the shortest distance travel option
to derive usage profiles of the charging stations. The authors in [103| present a model
based on origin-destination analysis of a fleet of vehicles (assuming that every vehicle
has an origin and a destination, and will travel between the two in the shortest route
possible constrained by the geometry of the road network) and uses it to optimise the

location of fast charging infrastructure on a German autobahn. Whereas the previous
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two works [102,103] are only concerned with the maximisation of the provision of service
to EV drivers, [104] presents a combination of the needs of EV drivers with that of the
power system by means of a multi-objective optimisation of the maximisation service
provision to EVs and the minimisation of power losses and voltage deviation. In [105],
the authors present a multi-objective optimisation method of returning the optimum
location and power rating of en route charging stations so as to minimise initial in-
vestment and maximise traffic flow through the charging stations (and hence revenue);
thus maximising the return from investment. [106] presents a method that combines
the transport and electrical distribution networks into a single network and minimises
a cost function comprising of the costs to operate the EV charging stations and the
costs associated with electrical losses to establish the optimum number of and location
of charging stations. [107] presents a work with no consideration of the power network,
but presents origin-destination analysis on an extensive traffic dataset and uses an opti-
misation approach to minimise the total cost of a set of charging stations, such that the
number of en route EV charging stations is minimised to cater for that population of
traffic. All the above works use either a multi-objective optimisation approach to derive
the optimal location of a set of charging stations given the constraints of a road network
and/or a power network. Though [108] presents a fuzzy TOPSIS method (Technique
for Order of Preference by Similarity to Ideal Solution) that can be used to pick the
most favourable solution from a set of solutions that are deemed feasible, it is suggested
that there is in reality very little opportunity for ‘greenfield’ EV charging infrastructure,
and that the development of charging infrastructure will not necessarily be influenced
by what the optimal location of them would be, but rather the locations of already ex-
isting businesses where charging infrastructure could be developed (e.g. supermarkets,
shopping centres etc.) and motorway service stations, which are already constrained to
the locations at which they exist. The work presented in this chapter seeks to quantify
the likely demand at hypothetical EV charging infrastructure developments based on
the activity profiles of the businesses at which it is likely to exist.

Works that attempt to model the charging demand at public charging stations are

comparatively few, due to the longstanding emphasis on EV users charging their vehi-
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cles at home. In [84], authors present analysis of the temporal variation of EVs passing
through a fast charging station based on the frequency and duration at which conven-
tional vehicles are visiting petrol stations, which is analogous to how data are collected
for charging destinations in this study. However, as the data are manually collected,
the sample size is small (four petrol stations). The authors in [109] use traffic flow data
to drive an EV charging demand model at various charging stops, which although uses
real data as in this chapter, a dependency is assumed between traffic (vehicles being
on the roads) and their seeking to stop and charge. It is suggested that in reality, the
likelihood of individual drivers stopping to charge is related to their remaining range
and the time of day (and hence the EV charging activity in relation to other planned
activities in the day). In [110], a model is presented which analyses the likely demand
for en route EV charging stations based on a large dataset of over a million mobile
phone call records over a four-month period. While the approach of using a large-scale
mobile phone-based dataset is similar to that proposed in this chapter, it is suggested
that call records are of limited value when analysing individuals’ mobility: aside from
it generally being against the law to use a mobile phone while driving, use of mobile
phones for calling is in significant decline in favour of internet-based communication
apps such as WhatsApp and Facebook (whose usage would not be recorded in call
records), with a quarter of UK smartphone users reportedly using their phones to make
calls less than once per week [111]. It is proposed that the method presented in this
chapter can be used to grow the body of knowledge in the topic of EV charging demand
characterisation. The method of using large-scale smartphone locational data from such
a ubiquitous source as Google Maps — though not without its limitations as discussed
in Section 3.3 — to inform the models represents a shift towards utilising big data in

the effective planning of transport and energy systems.
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3.3 Smartphone Locational Data from the Google Maps

Popular Times Feature

3.3.1 Data

The Popular Times feature [112| within the Google Maps website and smartphone ap-
plication allows users to see when a certain business is likely to be crowded, based on
anonymised positional data collected from smartphone users with the Google Maps ap-
plication installed and location history enabled over the last several weeks. The display
shows an average popularity for each hour of each day of the week, as a percentage
value of the peak popularity. An example is shown in Figure 3.1 for a particular large

gym in the West of Scotland.
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Figure 3.1: Example of Google Maps Popular Times data for a particular large gym in
the West of Scotland

3.3.2 Limitations

Firstly, the data is captured from visitors to these amenities only if they are smartphone
users with the Google Maps application installed and have not actively disabled location

services'. While this method is likely to capture a great many users (37 million people —

MWhile it is possible to disable location services within the app’s settings, it has a negative impact on
the app’s convenience as it no longer remembers users’ own locations (e.g. home, work) and therefore
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81% of UK adults — were smartphone users in 2016 [113] and Google Maps was installed
on 57% of US smartphones in 2017 [114]), this could introduce a selection bias in the
results if those who are less likely to be captured in the data are more likely to visit
these amenities at certain times.

Secondly, the popularity data is presented as an averaged percentage of the peak
and there is no indication of the absolute number of visitors. The work presented in
this chapter assumes that amenities are well-suited to their local markets and, although
it is expected that not all users of these amenities will travel there by car, ‘100% busy’
in the Google data is taken to correspond to a 100% full EV charging car park. If using
this method to examine amenities in a particular location, such as in Section 3.5.6, more
detailed work to ascertain the peak popularity should be carried out.

Thirdly, as the data is compiled and presented for seven days of the week, no seasonal
variation can be derived.

Fourthly, the data represents all people within the business’ footprint — including
passengers of the cars arriving, any employees and perhaps most notably people who
have arrived without the use of a car. Therefore, it is stated that a significant assump-
tion made in this work is that the rate of occupancy of a business by cars is directly
proportional to the rate of occupancy of a business by total individuals.

Despite these limitations, it is suggested that using smartphone locational data
for activity holds distinct advantages over using survey-based data. Firstly, the data
encapsulates individuals’ actual movement patterns rather than what they recall or
divulge. Secondly, the burdensome nature of surveys results in a relatively low sample
size: while the NTS data used extensively in this thesis covers around 15,000 residents
per year, the approach used in this chapter has the potential to provide recent mobility

data on tens of millions of UK vehicle users.

makes it less straightforward to plan journeys. It is not known how many individuals choose to disable
their location settings.
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3.4 Rapid En Route Charging Model

3.4.1 EV Forecourt Concept

The objective of this work was to develop a probabilistic method for the characterisation
of the demand resulting from EV fast charging forecourts based on the activity of current
UK petrol stations derived from smartphone users’ anonymised positional data available
from the Google Maps Popular Times feature. The assumption that the activity of EV
charging forecourts will follow the activity of petrol stations is based on the idea that
the two activities are analogous: drivers will visit the site only to replenish the energy
content storage of their vehicles, they will wait in a queue if the forecourt is full until a

space becomes available. The EV forecourt concept is depicted in Figure 3.2.

Queue: vehicles waiting to charge ’i“ Charged vehicles

s Charging 7
[ stations @

Figure 3.2: EV charging forecourt concept

The number of charging stations in the forecourt shown in Figure 3.2 can be any
positive integer. In the remainder of this section, it is set to 8 charging stations in
common with [115]. This also reflects the average number of pumps at a UK petrol

station, which was reported in 2013 to be 7.5 [116].

3.4.2 Arrival Profile of EVs

Popular Times data was retrieved for a sample of 2,256 existing petrol stations in Great
Britain in areas surrounding major cities (Scottish Central Belt, Glamorgan, Yorkshire,
Greater London, Greater Manchester, West Midlands, Avon, Merseyside and Tyneside).
Of the 2,256, 476 are supermarket-owned, 1,694 are independent/oil company-owned
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and 86 are at motorway service stations. For comparison, there were 8,442 petrol
stations in the UK in 2018 [72]: the sample used in this work makes up just over a
quarter of the population.

Figure 3.3 shows a density plot of all Popular Times data for all 2,256 petrol stations
in the sample. The lighter colouring shows a higher incidence of data points. Given the
significantly lighter colouring throughout the profile on Friday, it is shown that petrol
station activity on a Friday is generally easier to predict than on a Saturday. The peak
on Fridays is shown to be most commonly around 15:00-16:00, whereas on a Saturday

this is much earlier at around 12:00-13:00.
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Figure 3.3: Density plots of Google Maps Popular Times data for 2,256 petrol stations
in GB — Friday (left) and Saturday (right)

Figure 3.4 shows CDFs for the popularity (%) according to the Popular Times data

for each hour of the day for Friday and Saturday.
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Figure 3.4: Cumulative distribution functions for popularity at petrol stations in varying
hours of the day — Friday (left) and Saturday (right)

In order to generate an arrivals profile of EVs at the forecourt, the forecourt activity
was represented by a multiple server, single queue problem with a Poisson arrival process
and deterministic service time (denoted as M/D/s as per Kendall’s notation in [117]).

Little’s theorem (3.1) [117] is used to derive a distribution of the arrival rate p (with
average arrival rate fi) in terms of the average number of agents in the system N (i.e.
the forecourt occupancy) and an average service time 7' (i.e. the total time spent at

the petrol station) (3.2).

N =uT (3.1)

E (3.2)

Recall that the total time spent in a petrol station was found for a sample of vehicles
in Section 2.2.9. The median total time was found to be 251 seconds, or 4.2 minutes.
The average service time T in (3.1) is set accordingly.

Based on 8 fuelling stations in a petrol station, the arrival profile of vehicles in such

a forecourt can be generated. An example of this is shown in Figure 3.5.
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Figure 3.5: Example arrivals profile (vehicles/hour) for petrol station with popularity
sampled from Google Maps Popular Times data

3.4.3 Forecourt Parameters

As already mentioned, the number of charging stations in the forecourt simulated in this
study is 8. The other key parameter for the forecourt is the power rating of the chargers.
The power rating of fast EV charging infrastructure is a trade-off between convenience
to the user, limitation of battery stress and cost to the infrastructure developer versus
the local demand for using them. If charging rates are too low, users would face perhaps
an unacceptable amount of inconvenience as they wait for their vehicles to charge. If
they are too high, users may be deterred from using them at their rated capacity out of
concern for reductions in battery life; capital costs for their acquisition and connection
will also increase with charger rating. In the literature, fast charging rates are in the
range 100-350 kW [109, 115, 118]. The rating for this work was chosen to reflect a
reasonable queue size (explained in more detail in Section 3.4.5), which was set such
that the average maximum daily queue time of an 8 charging station forecourt over
10,000 trials? based on Saturday data (the busiest day for UK petrol stations) would

not exceed 2 minutes, in accordance with what would be considered reasonable at a

2This number of trials was selected to minimise the error in the reported results, at the limit of
what was deemed a reasonable amount of computational burden. It is suggested that this number of
trials is sufficient, as it exceeds the number of data points (2,256 petrol stations).
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current UK petrol station. For the ‘all EVs’ case (Figure 3.6), 100 kW gave an average
maximum queue length of 2.0 minutes. For the ‘BEVs only’ case, 200 kW gave an
average maximum queue length of 1.9 minutes. The average time spent charging for

both cases was less than 5 minutes.

3.4.4 Vehicle Parameters
Battery Capacity

A histogram showing the probability distribution of EV battery capacities (kWh) for UK
sales in 2017 [119] is presented in Figure 3.6, from which the simulated vehicle’s battery
size was randomly sampled. Two series are shown; one being for all EVs (including
Battery Electric Vehicles (BEVs) and Plug-in Hybrid Electric Vehicles (PHEVs)) and
one for BEVs only. It is perhaps reasonable to suppose that, as PHEVs have an internal
combustion engine to rely on, BEV users (who normally have larger batteries to charge)

would be more likely to charge at EV forecourts.
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Figure 3.6: Histogram showing distribution of battery sizes for UK EV Sales in 2017,
source: RAC Foundation

If the ‘BEVs only’ option is selected then the energy requirement of vehicles increases
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due to their larger battery capacities. For a given charger capacity and number of
charging stations, this has the effect of lengthening the queue as previously discussed.
However, by increasing the charger power the queue can be kept to a similar length and
the overall demand profile will tend towards a scaled version of that for the ‘all EVs’
case. Therefore, only results from the all EVs case are presented in this chapter as an

example of the method.

State of Charge on Arrival and Added Charge as a Proportion of Empty
Capacity

The SoC of a battery upon starting and finishing EV charging is often modelled by
Gaussian distributions as exemplified by Qian et al [120]. However, Yi and Li [121]
present y? test results to argue that a Beta distribution offers a better goodness of fit
to real charging behaviour than a Gaussian distribution does. According to Marra et
al. [83], a Li-ion EV battery should ideally be cycled between 20% and 90% SoC; this
was used to inform the setting of Beta distribution parameters a and 5. SoC on arrival
was treated as an independent variable with @ = 2 and g = 5, shown by the blue line
in Figure 3.7. This gives a modal SoC on arrival of 20% and a mean of 29%. The
post-charging SoC was derived by sampling a Beta distribution describing the added
charge as a proportion of empty capacity, to ensure the EV cannot charge to above
100% or below its SoC on arrival. Parameters for the added charge Beta distribution
were tuned by taking one million samples from the SoC on arrival distribution (blue
line) and the added charge distribution (green line) for various o and 8 to produce a
histogram of post-charging SoC. The probability of an EV leaving the forecourt with an
SoC above 90% is less than 5%, which reflects the ideal charging behaviour in [83] but
allows some users to violate it. The added charge Beta parameters were set as o = 3.2,

B =2.6.
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Figure 3.7: Beta distributions for vehicle state of charge on arrival and added charge as
a proportion of empty capacity

Arrival Time

Within the hour, the vehicle’s arrival minute was randomly assigned as a random integer

between 0 and 59.

3.4.5 Queuing Model

Conversely to the public destination charging model in Section 3.5, vehicles will only
stay at the forecourt for as long as it takes them to charge. The time it takes them to
do that — resulting in their departure time t¢ — can be derived by consideration of the
CC-CV battery charging profile originally presented in Figure 2.6. Given the SoC on
arrival S¢ and SoC on departure S¢ of charging event e sampled from the distributions
in Figure 3.7, it follows from equation (2.6) that the energy gained AFE, by the vehicle

for a given charging event e between the arrival time ¢; and departure time tg is (3.3).
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where all symbols have the same meaning as they did in equation (2.6). Rearranging

(3.3) in terms of t? gives (3.4).
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where A, and € are given in (3.5) and (3.6) respectively.
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AF can be equated to the capacity of the battery in charge event e C. multiplied
by the difference between the post-charge SoC Sg and the SoC on arrival S? (3.7).

AE, = C(S¢ - ) (3.7)

The demand drawn by the forecourt at any given minute is equal to the total charging
power, summed across all the cars plugged in. The power that a given car is charging at
is found as in equation (2.6). To simulate busy periods at the forecourt, a queuing model
was developed. Each time a car arrives it is assumed to begin charging immediately
and leave when its charging time is finished, unless the number of vehicles connected
is equal to the number of charging stations (i.e. the forecourt is full). In this case,
the car must join a queue. The queue will continue to grow as more cars arrive and

join the back of the queue. Cars will wait in the queue until the next vehicle leaves
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the forecourt, at which point the vehicle at the front of the queue connects to the free
charger and their leave time is adjusted accordingly (their charge duration is assumed
to be the same). It is assumed that vehicles join one queue for the forecourt and they
take charging stations on a first come, first served basis. Once a vehicle joins the queue,

it is committed to waiting to be charged and the queue length has no limit.

3.4.6 Results
Monte Carlo Simulations of EV Forecourt Demand Profile

The 8x100 kW EV forecourt simulation described was run for 10,000 trials. A probability
distribution of the demand time series produced is shown by a 3D histogram in Figure

3.8. For a given time of day, the probability that a simulated EV forecourt will draw a

particular power demand is given by the bar height.

g o ~N @
8 g o o o o
\ v v v v

Probability (%)

[\]
o

-<MMWWMJJ@Q

oo @

—
© o

. . . = @Q’ -\{\‘,’\
800 700 600 500 400 300 200 >

f'bQ
Demand (kW) \

Figure 3.8: 3D histogram showing probability distribution of 10,000 trials of an 8 x 100
kW forecourt simulation based on Friday popularity data

Figure 3.8 shows that there is significant variation of the forecourt’s demand levels
for most of the day. The discrete nature of the distribution is due to the constant-
charging assumption used; as the distribution reflects forecourt occupancy, the total
demand of the forecourt can only take one of nine levels between 0 and 800 kW. It

is shown that probability reduces with increasing power, but there remains a 5-10%
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likelihood of peak demand in the mid-afternoon.

Statistical Comparison with Existing Network Load

To assess the impact of an EV rapid charging forecourt on an existing electricity system,
system planners would need to know the combined loading of the existing load and that
presented by the EV charging station. Traditionally, the maximum demand would be
equal to the present maximum network loading plus the maximum demand drawn by
the EV forecourt. However, probabilistic methods can be used to better assess the
impact of new load based on their temporal variation. For example, if the EV charging
load and present network loading were to peak at different times, or if the combined
loading breaches network limits for only a small proportion of the time, then network
reinforcement could potentially be deferred in favour of employing a number of ‘smart’
grid technologies.

An EV charging forecourt at a rating of 800 kW would likely be connected to a pri-
mary distribution feeder (6-11 kV), either directly or via a dedicated secondary trans-
former, rather than at a lower voltage as is the case for residential charging as discussed
in Chapter 4. To compare the EV forecourt demand characterisation with that of a
network on which it would typically be connected, secondary (11/0.4 kV) substation
loading data from SP Energy Networks’ Flexible Networks project [122] were used to
construct a CDF (Figure 3.9) of the combined loading of 10,000 MC trials of an 8x100
kW EV forecourt based on Tuesday Popular Times data with all monitored winter week-
days in the period 2013-2015 for all secondary substations on an 11 kV feeder covering

suburban areas and major roads in St Andrews, a town on Scotland’s East Coast.
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Figure 3.9: Cumulative distribution function of combined loading of 8 x 100 kW EV
forecourt simulation (Tuesday) and St Andrews Feeder 24, winter weckdays 2013-2015

The method demonstrated in Figure 3.9 provides an estimate of the likelihood that
the feeder peak, following the integration of an EV forecourt, will exceed a certain value
on a given day. For example, it is shown that there is a 5% probability that the peak
on a given Tuesday will exceed approximately 1420 kW — 175% of the original peak
loading — at around 17:30. The method also allows quantification of the amount of time
the feeder loading will likely be above a determined value. This temporal aspect would
be valuable in assessing the suitability of smart grid technologies, which often exploit
the inherent diversity and temporal variation in electricity demand. For example, real-
time ratings of assets could allow the system to exceed thermal ratings for a short time.
Alternatively, a flexible connection could be given to the EV forecourt to enable its peak
to be reduced in times of network peak and dynamic pricing could be used to encourage
vehicle users to charge outside of times of network peak (e.g. in the morning) or at

times of high local generation output. Furthermore, on-site battery storage could be
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employed at the EV forecourt to smooth out peaks in its demand.

3.4.7 Discussion

This section has presented a characterisation of electrical demand profiles of EV fast
charging forecourts, which are likely to be commonplace in high EV-uptake scenar-
ios. The characterisation is based on current petrol station usage data derived from
smartphone locational data collected by Google’s Popular Times feature.

The fundamental assumption on which this work is based, that EV charging is likely
to be done in the same way as fuelling of petrol and diesel-powered cars, can of course
be called into question. However, in a future scenario where rapid charging is preferred
as a main charging method to residential charging, such as for the set of EV drivers
who lack access to parked charging as described in Section 2.3, the two activities are
essentially analogous. As discussed in Section 1.3, a high EV-uptake future is likely
to include a mix of en route charging, destination charging, workplace charging and
residential charging. The method presented in this section can be used to evaluate
how the rapid charging portion contributes to the total EV charging load. Following
this assumption, there is likely to be significant variation in the demand of rapid EV
charging forecourts. The method presented in this section could be used across an
entire distribution network to model uptake of various modes of EV charging and how
the temporal variations in their demand interact with one another. This could be
used to assess the requirement for network reinforcement and evaluate the feasibility of
‘smart’ alternatives in preparing distribution networks for the widespread electrification
of transport at minimum possible cost.

To improve the accuracy of the results, analysis of the petrol stations included in
the data is recommended. It was suggested that vehicle fuelling activity is related
to local employment patterns and proximity to key infrastructure; disaggregation on
these factors and others would allow analysis on the basis of a number of more focused
type-specific characterisations.

Aside from rapid-charging forecourts, a similar method using Google Maps Popular

Times data could be used to characterise destination charging at locations such as gyms,
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supermarkets, cinemas and shopping centres. The main difference is that while vehicles
are assumed to travel to en route charging stations only to charge their vehicles and
only stay for the length of time it takes them to do that, vehicles will stay at destination
charging stations for as long as they are going to be at the destination. This analysis is

presented in Section 3.5.

3.5 Public Destination Charging Model

3.5.1 Overview

A similar method to that presented in Section 3.4 is presented in this section for the
characterisation of destination charging: charging while the driver is parked for periods
ranging 10 minutes to 3+ hours at amenities such as supermarkets, shopping centres,
gyms and cinemas.

The key difference between the two types of charging, as previously discussed in
Section 1.3, is that whereas drivers will only stay at an en route charging station as
long as it takes to gain the amount of energy desired, drivers will stay at a destination
charging facility for as long as they would have done anyway, regardless of how they
came to be there and the amount of energy they receive is a function of their duration

of stay and the power rating of the charger.

3.5.2 [Electric Vehicle Fleet Charging
Charging Philosophy

Controlled EV fleet charging can be used to minimise stress to the network [123], match
times of high charging demand to times of low energy cost [124] or high renewable
output [125,126], or maximise service provision to the EV user [82,127].

Proposals for controlled EV fleet charging presented in [82,123-126] all rely on
bidirectional flow to and from the vehicle — V2G — and some extent of consumer en-
gagement over and above parking and plugging in, ranging from the EV user entering
their intended stay time [125] to having the EV user enter four separate ‘preference

parameters’ upon parking [82]. Although the approaches in these studies can lead to
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optimised charging schemes in an ideal world, in providing user engagement the system
is inherently vulnerable to unpredictable non-ideal behaviour likely to compromise the
economic benefits of smart charging [128|. For example, users could ‘game’ the system
by entering a false intended stay time in [125] to prioritise the charging of their EV
over others. The option to allow V2G operation would have to be consented by the
vehicle owner, yet the chances of this happening may be reduced by findings that doing
so has a detrimental effect on battery longevity: according to [78], a ‘base case’ EV
following the median trip distances from the N'TS could face a 57-fold increase in daily
battery degradation rate from providing ancillary services and a 115-fold increase from
providing bulk energy services by operating in V2G mode.

For these reasons, this work proposes a simpler EV fleet charging algorithm with
unidirectional operation that seeks to provide optimal service provision to all users with
no consumer engagement over plugging the car in to the charger, given the available

grid capacity.

EV Charging Car Park

The work presented in this section is based on the concept of a multi-terminal DC
charging network with one central AC/DC converter and a separate DC/DC converter
at each car parking space. The concept is well established; presented in more detail

in [126, 129] and replicated in Figure 3.10.
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Figure 3.10: Proposed topology for EV destination charging car park

3.5.3 EV Parameters
SoC at Start of Charging Event

As in Section 3.4, the SoC upon arrival is modelled with a Beta distribution. However,
unlike the en route charging model, in this model there is no pre-defined target SoC that
the vehicle wishes to charge to: they will receive the amount of energy as determined
by their duration of stay and the power rating of the charger. For this model, the
Beta shape parameters o and 3 are derived using a ‘method of moments’ estimation.
The shape parameters are derived from data of the SoC at the start of charging for
2,494 charging events at ‘public’ locations monitored as part of the SwitchE'V electric
vehicle trial [130], which ran from March 2011 to May 2013 in Northeast England to
provide insight on how individuals use and charge EVs, with an emphasis on workplace
and public charging. Analysis of the SwitchEV data and a full description of how
the Method of Moments is used to derive the Beta shape parameters is given in the
Appendix of this thesis. Based on this data, the Beta distribution parameters are set
at a« = 2.27, f = 2.18 which derives a mean SoC on plugin of 51%. The probability
density function (PDF) of this Beta distribution is shown in Figure 3.11.
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Figure 3.11: Beta distribution (a = 2.27, § = 2.18) used for modelling vehicle state of
charge on arrival at destination charging infrastructure

Parking Duration

The length of time the EV spends in the car park was modelled by a Poisson distribution,
a method taken from [131] which uses the distribution to model an analogous quantity
— the length of stay of patients in hospital beds. The distribution used for this work is
the same as that in (3.2), with the mean service time T set depending on the type of

amenity being analysed.

Other EV Parameters

The other EV parameters — battery capacity and arrival time within the hour — are
simulated in the same way as in Section 3.4.

3.5.4 EV Fleet Charging Algorithm

For the 5™ minute of the day, j € N,0 < j < 1440, and the ¢!* car in the car park,
¢ € Cj, where C; is the set of cars in the car park at the start of minute j, ©; is the

total energy requirement of all cars in the car park at the beginning of the j** minute

(3.8).
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Figure 3.12: Charging profile used for destination charging simulation

0;=> (1-S5.;)C. (3.8)

Cj
where S, ; is the cth car’s SoC at the start of the j*» minute and C. is the ¢ car’s
battery capacity.
V. ; is the potential charge rate of the cth car at the start of the j** minute, i.e. the

maximum charge rate it could draw if unconstrained, is (3.9).

(1—-25.;)C;

V.= o,

pPY (3.9)

where PC is the total available grid capacity (see Figure 3.10).

The power drawn by each EV in each minute is then subject to a series of constraints.
Firstly, the maximum power the EV battery can accept is limited by the charge profile
PB | taken from [82] (Figure 3.12). Below an SoC of 80%, the charger will operate in
constant current mode and the power is not limited. Above 80%, the power drawn will
linearly decrease to zero at 100%. Note that this linear decrease of charging power with
respect to SoC sets the exponential behaviour with respect to time as seen in Figure

2.6.
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The power draw is also limited by the rating of the converter, P¢, and the maximum
power the EV can draw, PPV, This is assigned as either 50 kW, if the car’s battery
capacity is less than 60 kWh, or 120 kW if the car’s batter capacity is over 60 kWh in
common with analysis in Chapter 2 (see Table 2.2).

e, is the actual charge rate of the A" car in the 5" minute, given by (3.10).

e U, ; <min(PE, PY, Pfjv)

ey = o (3.10)

min(ch-, P, Pfjv), otherwise

The SoC of the ¢! vehicle at the beginning of the next (j + 1) minute is then

calculated in (3.11), where At is the timestep (1 minute).

e ;AL
Ce

Sc,j+1 = Sc,j + (3.11)

If a car arrives such that the size of C; is greater than the number of charging spaces,
the car joins a queue. The queue continues to grow in length as more cars arrive, until
any cars within the charging spaces leave. When that happens, a car is picked at random
from the queue to join the charging space to reflect real queuing processes in car parks.
The time at which that car begins charging is adjusted accordingly, and it is assumed

that its parking duration and all other parameters remain the same.

3.5.5 Characterisation of EV Charging at Gym Car Parks
Monte Carlo Simulation of Amenity Activity

The Google Maps Popular Times data was fetched for a sample of 2,221 gyms in and
around major GB population centres. According to [132], this represents around a third
of the total number of gyms in the UK. Based on this data, an MC-based approach was
used to form CDFs of the percentage popularity for each hour of the day. From this,
a Monte Carlo (MC) approach was used to derive a simulated popularity profile for
any day of the week. This can then be translated to an arrivals profile using the same
method as in Section 3.4.2 for a specified number of EV charging spaces. The simulation

was run for 10,000 trials based on all gyms in the sample, for a 100-car capacity EV
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charging car park with a 2 MW grid capacity and 50 kW converter rating.

Results

Results are presented in terms of a CDF plot for simulations based on the sample of

gyms for Monday (Figure 3.13) and Saturday (Figure 3.14) popularity data.
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Figure 3.13: Cumulative distribution function for Monte Carlo simulation of EV charg-
ing at gym car park from Monday popularity data
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Figure 3.14: Cumulative distribution function for Monte Carlo simulation of EV charg-
ing at gym car park from Saturday popularity data

As exemplified by Figures 3.13 and 3.14, the weekday demand profile for gym-
based EV charging is most likely to peak in the evening around 18:00-20:00 whereas
the (lesser) weekend charging demand is most likely to peak in the late morning/noon
around 10:00-13:00.

The method demonstrated provides a probabilistic evaluation of the likely EV charg-
ing demand at a given type of amenity. For example, Figure 3.13 shows a 20% proba-
bility that the charging demand peak on a Monday will be greater than approximately
1000 kW between the hours of 18:00-20:00. This temporal analysis could be invalu-
able in assessing the potential of smart grid technologies to provide a better utilised
electricity network, exploiting the potential diversity between EV charging in different

locations and between EV charging and the pre-existing network demand.

3.5.6 Case Study: Transmission-Connected EV Destination Charging
at Large GB Shopping Centre

Braechead is a large shopping centre and leisure complex in Glasgow, Scotland. Due

to its proximity to the M8 motorway and its total of 6,500 car parking spaces, it has

98



Chapter 3. Characterising Electric Vehicle Charging Demand at Public Destinations
and En Route Charging Forecourts using Smartphone Locational Data

the potential to serve as a significant destination charging location. Its proximity to
local transmission infrastructure means that it could be connected directly to a GSP,
affording the charging car park a large grid import capacity.

From [133], it is reported that customers spend an average of 134 minutes there.
Setting T' as 134 minutes in 3.2, the Google Popular Times data can be used with the
fleet charging algorithm (Section 3.5.2) to produce an expected demand profile for the

period of interest (i.e. when the shopping centre is open).
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Figure 3.15: Google Maps Popular Times data for Braehead shopping centre retrieved
on 20th August 2019

Two values for P& and three values for P¢ were used to examine the effect of the
car park parameters on peak demand and service provision, as shown in Table 3.1.
Combining the values gives six combinations of variables, for which the variation in

demand profile (Figure 3.16) and service provision (Figure 3.17) are shown.

Table 3.1: Values of grid and converter capacity used for case study of Braehead shop-
ping centre EV charging infrastructure

Parameter Low Medium High
PC 10 MW - 25 MW
pc 10 kW 20 kW 50 kW
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Figure 3.16: Variation of demand profile expected in charging demand at large GB
shopping centre with varying grid and converter capacities

175000~ -100
2
150000~ I S
< 80 O
5125000— I 3
e}
8 _ - - -60 ©
3 100000- I I I o
= 3
0} <))
© il =
© 75000 40 §
g’ (5]
(2]
& 50000- 2
L
20

- I I I I Q

0- -0
W \N \S \S
’\qu“‘ '\QZ‘\ 3 '\0\;“ ,16‘;\ ,1‘3‘2\ ,ffa“\
oy o o o
Q 0 (2 \;0 2 ?0 <Q ?0 < Qo < <0

Figure 3.17: Variation of service provision expected at charging car park at large GB
shopping centre with varying grid and converter capacities

Figures 3.16 and 3.17 show that only a PY of 25 MW allows fully unconstrained
charging on a Saturday and, with sufficient P¢, allows all vehicles to charge to at least
90% SoC during their stay. As the grid capacity is reduced, the service provision and

peak demand are reduced, but the time spent at the maximum demand increases, with
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the profiles in Figure 3.16 for a P% of 10 MW at their upper limit for up to eight hours
of the day.

The energy delivered (kWh) throughout the Saturday simulated is shown in Figure
3.17. Taking the average tariff for a non-domestic customer as 10.8 p/kWh [134], the
charging car park owner could make a profit of around 9 p/kWh if they were to match
the 20 p/kWh rate currently offered by multiple public charging networks in the UK
[40]. Multiplying 9 p/kWh by the energy delivered (kWh) enables a potential Saturday
revenue to be calculated: this varies between around £8,900 for a P¢ of 10 MW and a
PC of 10 kW to £15,900 for a PY of 25 MW and P¢ of 50 kW. By integrating the curves
in Figure 3.15, it can be found that the Saturday footfall accounts for approximately
21% of the total. Therefore, it can be supposed that the potential annual revenues from
such a scheme could be in the region of £2-4 million per year. This simplistic economic
analysis ignores converter losses and equipment downtime as a result of maintenance,
but enables the quantification of the potential inflows of finance from such charging
schemes and provides grounding for more robust business case analysis.

From this potential revenue, the charging infrastructure owner would have to finance
infrastructure capital, operation, maintenance and any connection reinforcement costs
made necessary by the increase in demand. These costs would vary by grid and converter
capacity, as would the potential revenue: therefore, the sizing of car park infrastructure
in such applications will likely be a question of economics. If the charging is to provide
an extra revenue stream to the amenity, then maximum service provision at an optimal
trade off with infrastructure cost may be sought. However, if the amenity is using
EV charging as a ‘loss leader’ (i.e. purely to encourage more visitors) then a lower
service provision may encourage customers to stay longer, which may be preferable to

the owners of some amenities, such as shopping centres.

3.5.7 Discussion

This section has presented a characterisation of likely demand profiles of destination
charging at popular amenities has been presented. It has been applied to a generic gym

based on a sample of gyms in GB and also to a case study of a real shopping centre, to

101



Chapter 3. Characterising Electric Vehicle Charging Demand at Public Destinations
and En Route Charging Forecourts using Smartphone Locational Data

explore the difference in likely EV charging demand at different types of amenities and
the effect of infrastructure specification on service provision.

It is shown that EV destination charging demand is likely to vary significantly
depending on the type of amenity at which it is installed and the day of the week. For
example, if charging is installed at a gym then the weekly peak is expected to occur on a
weeknight evening, whereas if charging is installed at a shopping centre then the weekly
peak is expected to occur on a weekend afternoon. It is proposed that this method
could be used to investigate the likely temporal variation between charging at different
destination charging stations that may be drawing power from the same portion of the
electricity network. Based on this, modelling can be developed in which smart grid
technologies and novel tariff arrangements can be assessed in their potential to enable
an electricity system fit for the electrification of personal transport at the lowest possible
cost to both the EV user and the energy consumer.

The governing assumption in this work has been that the rate of arrivals in EVs to
these destinations is proportional to the rate of arrivals of individuals with smartphones
and the Google Maps application installed. While this may be reasonable in some
circumstances, the approach raises some wider questions. It was found in Chapter 2
that individuals who lack access to parked charging are likely to be faced with significant
inconvenience if they switch their ICV for an EV. Following this line of thought, the
provision of plentiful charging infrastructure at destinations such as gyms, cinemas
and supermarkets would seem to be a ‘leveller’ with regards to the mobility inequality
between individuals with home charging and those without that may arise from the shift
of EVs. However, it also risks increasing car dependency; a journey to a gym or shopping
centre that may have been made by public or active transport could be replaced by a
car journey if the driver is given the incentive of free/low cost charging when they get
there. As further discussed in the Epilogue of this thesis, the electrification of private
road vehicles and the associated provision of public charging infrastructure may be at
odds with the wider decarbonisation effort if it serves to increase the amount of traffic

on the road.
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3.6 Chapter 3 Conclusions and Further Work

This chapter has presented a method for the characterisation of EV charging demand at
public places — both in terms of destination charging while drivers visit destinations such
as shopping centres, supermarkets and gyms and en route charging, in which drivers
visit charging stations analogous to petrol stations with the sole purpose of replenishing
the energy storage content of their vehicles.

From reviewing literature on the subject, it was found that there is a growing in-
terest in modelling likely EV charging demand based on the frequency at which people
are likely to visit the locations at which charging infrastructure is likely to exist. It was
found that there was a gap in the research using large-scale mobility datasets such as
that in the Popular Times feature in Google Maps. As EV charging becomes more com-
monplace in public places and as businesses continue to install charging infrastructure
to attract a greater throughput of customers, the methods presented in this chapter
could be valuable to network owners and policymakers so that efficient systems that
allow for the electrification of transport can be developed.

To improve the accuracy of the model presented in this paper, the following pieces

of further work are suggested:

1. A sensitivity study of the effect of the assumed distributions of EV battery capac-
ity (Figure 3.6) and SoC on arrival (Figures 3.7 and 3.11) on the resulting demand

from both public destination and en route charging

2. A sensitivity study of the effect of a greater timestep in the fleet charging simula-

tion (Section 3.5.2) on the resulting charging demand.

3. Modelling of how the usage of destination charging installations at different ameni-
ties may interact with one another and how they might interact with other modes
of EV charging, e.g. domestic and rapid charging. By building a robust system of
modelling for this, insights on the overall impact to the electricity network from
EV charging can be given and this can be used to form recommendations as to

the policy of the development of EV charging infrastructure.
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Fundamentally, the methods presented in this chapter represent a ‘system view’, in
that it assumes that an instance of charging infrastructure (for example, in a supermar-
ket car park) will be well-suited to the local market conditions in that its occupancy
will be proportional to the occupancy of the business at which it is situated. In doing
so, it assumes that an EV that visits a series of locations is equally likely to charge
at any one of those locations as its visit is captured in the data (or any such mobility
data) used for this method. In reality, a vehicle may opt to charge at a specific subset
of those locations that maximises convenience or minimises cost. Therefore, analysis is
required that takes into account the series of trips made by vehicles and the subsequent

set of charging trips that they will carry out. This is explored further in Chapter 4.
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Chapter 4

Modelling the Impact of
Uncontrolled Electric Vehicle
Charging on Residential

Distribution Networks

4.1 Introduction

4.1.1 Motivation

In Chapter 2, it was found that if individuals are to experience a level of convenience
using an EV that is comparable with using an ICV, then access to charging at home is
likely to be very important. Furthermore, the Department for Transport have predicted
that the majority of EV charging will be carried out at home [135]. However, concerns
have been raised by network owners, policymakers and government about the impact
of widespread EV uptake and the subsequent charging at peoples’ homes, where the
capacity of existing distribution networks may not be able to cope with the increase in
demand [22-25,135].

Analysis presented in this chapter serves two purposes. Firstly, by establishing

the likely impact of uncontrolled domestic EV charging on distribution networks, the
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concerns of the above parties can be investigated. Secondly, by quantifying the likely
charging patterns of EV users, the foundation can be laid for the analysis of any con-
trolled charging, as this can only be done with an understanding of the likely charging

requirements of EV drivers. This is further explored in Chapter 5.

4.1.2 Contribution

This chapter seeks to establish the likely impact of uncontrolled domestic EV charging
on residentially-dominated distribution networks.

A sociotechnical modelling methodology, combining electrical, geographical and so-
cioeconomic datasets, is presented to model two real distribution networks generated
from geographical information systems (GIS) data provided by SP Energy Networks,
the relevant distribution network operator (DNO) for the location being studied. The
network GIS data are cross-referenced with geospatial UK Census and Scottish Index
of Multiple Deprivations (SIMD) data, such that the resulting network models have
not only electrical properties, but key demographic properties: each network endpoint
has an associated probability distribution for each household at that endpoint being as-
signed a particular value of a given socioeconomic indicator (e.g. number of vehicles at
household; employment type of household reference person). This is further explained
in Section 4.3.

It is discussed on the basis of a literature review (Section 4.2) that there are two
reasonable methods of simulating EV charging demand on distribution network models
— i) using publicly available EV trial data and ii) deriving likely charging habits from
ICV-based travel data — and that there are merits to both. As such, both methods are
demonstrated (and compared) in this chapter. Firstly, data from My Electric Avenue
(MEA), a real EV trial conducted around various parts of the UK between 2013 and
2015, is statistically analysed and applied to the network using an MC-based approach
— in effect, it is assumed that every vehicle in the network will charge according to a
set of probability distributions generated from analysis of the MEA data. Secondly, a
set of two models for deriving charging schedules from the car-based N'TS travel diaries

used extensively in Chapter 2 are presented (one in which drivers seek to minimise their
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number of plug-ins, and one in which drivers will always plug in upon arrival at home
regardless of their SoC), in order to encapsulate the potential variation in individuals’
charging behaviour given a fixed set of travel requirements.

A key contribution of the work presented in this chapter is that for the latter method,
these NTS travel diaries are disaggregated on the basis of two key demographic indica-
tors: employment type (e.g. ‘employed’, ‘self-employed’) and means of travel to work
(e.g. ‘car driver’, ‘train’)!. By matching these travel diaries and resulting charging
schedules with a fleet of vehicles instantiated in the network according to a MC-based
simulation in which the probability distributions of the socioeconomic indicators of
households at each endpoint are sampled over a number of trials, the likely variation in
EV charging demand is reported.

This approach is used as a baseline for the analysis of the effect of the following

three variables on resulting charging demand:

1. Driver charging behaviour, by performing the study using the two models for

deriving charging schedules from NTS travel diaries

2. Demographics, by performing the study on two distinctly different — in terms
of the socioeconomic makeup of the area — residential networks in the Southside

area of Glasgow

3. EV parameters, by performing the study using different combinations of battery

capacity, charger power and level of access to charging

The results presented in this chapter are summarised and recommendations are

made based on the findings in Section 4.9.

L Although all trips in the NTS travel diaries are made by car, the nature of these journeys are found
to be different if the driver uses their car to get to work or if they use some other means. This is further
explored in Section 4.6.2.
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4.2 Literature Review

4.2.1 Charging Start Times and Energy Requirement

In order to establish an EV charging demand, one must establish a rate of arrival /plug-
in of vehicles, a rate at which the vehicles can charge (i.e. a charger power) and either
an energy requirement to be met or a fixed period for which the vehicles are assumed to
be charging. The methods by which this is done are varied across the literature, though

can be divided into three categories as described below.

Fixed assumptions

This category of methods is the most simplistic of those discussed. In some studies
[136,137], it is assumed that all the vehicles arrive at a given time with a single, fixed
energy requirement: in both of the above works, it is assumed that all vehicles arrive
home and seek to charge at 6 pm at a fixed rate for a given time period. In [138|,
although arrival times of vehicles are split between three ‘charging periods’ proposed
from the analysis of travel data, all vehicles are subject to the same energy requirement
based on a fixed daily driving distance. Other studies, such as [139] and [140], assume
that a proportion of vehicles are connected to the network at different times of the day
(e.g. a certain proportion are connected during a peak time, and another — usually
lesser — proportion are connected during an off peak time). Both [139] and [140] assume
a fixed, constant charging rate for all vehicles during a given period.

While these simplified assumptions can provide a necessary base on which to develop
other methods — such as managing charging demand [137,138], simulating the ‘worst
case’ effects on endpoint voltage and line loading [140| or investigating the effect of
network topology on the impact seen [139] — they tend to be pessimistic: the work
presented in this chapter suggests that it is very unlikely to have all the vehicles in one
area arriving and charging simultaneously, and therefore designing a network on the
basis of such an assumption would likely lead to over-engineering and under-utilisation.
In [141], the authors present a simulation tool for the departure, driving behaviour

and arrival (and subsequent charging requirement) for a synthesised fleet of vehicles
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made up of different archetypes (e.g. commuter vehicles, ‘family’ vehicles, taxis etc.)
While the spread in results does eliminate some of the pessimism associated with the
assumption of all vehicles arriving at a given time, it is not based on any particular

real-world dataset pertaining to the likely mix of vehicles in a given area.

Use of Travel Survey Data

The analysis of travel survey data — that is, self-reported data pertaining to the loca-
tion, distance and duration of individuals’ trips — can be used to simulate the arrival
time and energy demand of a fleet of EVs, the governing assumption being that if ICVs
were replaced with EVs, the trips made by the individuals driving the vehicles would be
unchanged. [142] uses results from a US-based travel survey [143] to return probability
distributions of the arrival time of vehicles following a day of driving. However, although
the start times of charge events are based on real data, the energy requirement is driven
by the simple assumption that vehicles begin a charging event with a battery SoC sam-
pled from a Gaussian distribution centred on 50%. [144] and [145] return distributions
of the time at which the EV arrives at home (and hence starts charging) and the daily
distance driven (and hence the energy required from charging based on a fixed rate of
consumption) from statistical analysis of the UK Time Use Survey (TUS) and the US
National Household Travel Survey (NHTS) respectively. [146] uses Origin-Destination
analysis to set origin and destination zones of each EV’s journey based on statistical
analysis of travel survey data; the distance between the two is sampled from a Gaussian
distribution about the straight line distance between the centroids of the zones. [147]
applies a clustering technique to results of the Dutch travel survey (Mobiliteitsonder-
zoek Nederland) to produce 25 archetypal driving behaviours, from which probability
distributions of the arrival time and charging energy requirement are returned. [148]
uses a Gaussian Copula method to tie together the separate distributions of the time a
vehicle leaves home, the time a vehicle arrives home and the overall distance it travels
during the day (from which the charging energy requirement is derived) from the same
Dutch travel data as [147].

While they capture the variation in real driving behaviours and contribute to a

109



Chapter 4. Modelling the Impact of Uncontrolled Electric Vehicle Charging on
Residential Distribution Networks

more realistic impression of the demand of EV charging, the works discussed above
[142,144-148| only consider one driving day: it is assumed that every vehicle can (and
does) charge once per day regardless of the distance it travels. Conversely, [149] uses
data from the week-long US NHTS to simulate EV charging behaviour on the basis of
every travel diary in the dataset, hence giving a week-long charging demand profile that
reflects day-to-day driving behaviour.

All the papers discussed in this section assume that when a vehicle arrives at a
location where it can charge, it will always charge. While this could well be a common
course of action for EVs with smaller battery capacities that must be charged after
a typical day of driving, as battery capacities continue to increase with the evolving
EV market the likelihood of EV drivers taking every opportunity to plug in could be
expected to decrease. The work presented in this chapter provides modelling of drivers’
likelihood of charging to evaluate the effect of this crucial assumption on the resulting

electricity demand from EV charging.

Use of EV Trial Data

Within the last decade, publicly funded EV trial projects have been completed with the
aim of providing an insight into the driving and charging habits of EV users. Several
works have been carried out that use the results of these trials to derive probability dis-
tributions of charging start time and energy requirement. In [150], data from the British
EV trial Plugged In Midlands is used as a basis for clustering of EV demand profiles
and a risk assessment of the violation of network limits following the electrification of a
fleet of private vehicles displaying the same charging behaviour as in the trial. In [151],
data from Newcastle University’s SwitchEV project is used to build a stochastic sim-
ulation of the impact of EV charging on a real distribution network feeder. [152] uses
an unnamed Irish EV trial dataset to simulate charging profiles of a fleet of EVs that
may have access to charging at a variety of locations over the course of two days, thus

capturing the effect of charging events on subsequent driving and charging behaviour.
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EV Trial Data vs Travel Survey Data

While the use of EV trial data can highlight observed behaviours in EV charging pat-
terns, one of its key problems is that the data is generally tied to a particular set of
technologies and/or individuals. For example, the trial datasets used in [150-153] con-
cern vehicles with battery capacities in the range 16-24 kWh and ‘slow’ charging of
3-4 kW. The rapid changes in the EV market in terms of battery capacity and charger
power as discussed in Section 1.2 mean that these datasets can become out of date.
Furthermore, the trials are generally made up of early technology adopters and often
(as is the case with the MEA trial) are constrained to individuals who have off-street
parking or are guaranteed to drive at least a certain distance during the trial, hence
skewing the set of driving behaviours which will come out of any analysis using these
datasets.

On the other hand, it has been shown that the adoption of EVs has a significant
impact on the behaviour of drivers [69,70]. Furthermore, the application of ICV travel
data to a fleet of EVs may not be feasible, given the generally lower driving range of
EVs. In this respect, using EV trial data holds a distinct advantage over the use of
travel data.

Due to the respective merits of using both EV trial data and travel survey datasets
to model EV charging and its impact on the distribution system, the work presented in
this chapter shows the analysis of the impact of EV charging using trial data from the
MEA EV trial and also from a simulation built from the NTS dataset, which can be
used to examine the impact of various parameters (battery capacity, charger power and
level of access to charging at different locations) and charging behaviour (an individual’s
likelihood of charging given an opportunity to do so) on the resulting loading on the

distribution network.

4.2.2 Distribution Network Impact

The majority of works in the literature focus on integrating EV demand models with
distribution networks, where they are expected to cause the greatest impact [154]. With
the exception of [148-150, 152|, all of the other works reviewed [136-142,144-147,151,
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153| involve some level of simulation of EV charging and the superposition of this
demand onto a model of a distribution network.

All of the works in [136-138,142,145,147] use simple, generic distribution networks
(for example, one of a number of IEEE distribution test feeders [155]) to model the
impact of EV charging. While the use of these generic test feeders can provide a
valuable base to develop and test a model, it is suggested that the area-specific, often
historical design features of electrical networks are likely to have a significant effect on
the impact seen by the network from EV charging and therefore the use of generic test
feeders is prone to misrepresentation of the issues that may arise in real networks.

To this effect, there are works that have looked to simulate EV charging demand
on real networks. [140] presents analysis of part of a real distribution network, though
it only consists of a single LV feeder serving 135 households. [139] presents work on
a much larger area of a real LV network serving over 6,000 customers and [141] uses
a representation of a network serving over 10,000 endpoints on the Danish island of
Bornholm. In using such large networks, the latter two [139, 141| assign EV loads to
households deterministically. In contrast, [151] presents MC analysis of EV charging on
a real GB distribution network serving 288 households which can be used to show the
variation in expected charging behaviour.

While the electrical characteristics of real distribution networks are captured in all
the works discussed [139-141,151], the socioeconomic characteristics are left out: simple,
fixed assumptions are made as to the rate of EV penetration in the networks and there
is no disaggregation of domestic consumption or travel habits within a population. In
the work presented in this chapter, the socioeconomic and electrical characteristics of a
real distribution network are merged, as to develop a network and population-specific

simulation of the impact from EV charging.

4.2.3 Integration of Socioeconomic Factors in Distribution System

Modelling

There is no such thing as a typical electrical network, nor a typical set of energy con-

sumers. It has been documented in [156-158] that domestic energy usage is dependent
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on several factors, including (but not limited to) income, age, floor area, household size,
bedroom number, occupant age, social class, employment status and tenure. Travel
habits are similarly influenced; [159-161] all provide quantitative results on how in-
come, employment status and geographical location impact travel habits of individuals.

Out of the works discussed in this section, only [149] provides disaggregation of
travel behaviour via analysis of the US NHTS to present differences in driving habits
and expected charging load from a fleet of plug-in hybrid vehicles on the basis of age,
income and location (urban/rural). While the study produces results to suggest that
there is a significant variation in the resulting charging demand from a base of varied
individuals with varied travel habits, there is no application of this demand to a network
and therefore no investigation on how this variation in charging demand is seen by the

network.

4.3 Sociotechnical Model to Evaluate the Impact on Un-
controlled EV Charging on Distribution Networks

4.3.1 Overview

This work presents a sociotechnical model to join together the electrical and socioeco-
nomic elements of an electricity network and the individuals who are served by it. The
model takes electrical and geographical data from a set of distribution network GIS data
as provided by SP Energy Networks, the DNO who operate the network in question.
The socioeconomic data used to characterise the households and individuals who are
served by the network are taken from three sources: the 2011 UK Census, the SIMD
and a building classification dataset — which was an outcome of SP Energy Networks’
innovation project Network Constraint Early Warning System [162].

To provide a level of base domestic demand (before the introduction of EVs), an es-
tablished domestic demand tool is used as described in Section 4.4. The tool produces a
series of demand profiles for a set of households which, using the socioeconomic datasets
stated above, is used to produce a detailed representation of the pattern of domestic

electricity demand in a given distribution network.
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As already mentioned, two methods of simulating the likely impact of EV charging
on distribution networks are presented. Firstly, in Section 4.5, charging data from
the MEA trial [163] is statistically analysed to produce likely demand profiles of EV
charging. Secondly, in Section 4.6, charging schedules are derived from NTS travel
diaries, which are then used to produce likely demand profiles of EV charging.

Figure 4.1 shows a map of the processes carried out to conduct analyses using the

network models presented, highlighting key datasets used.
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Figure 4.1: Process map showing how specific datasets are input into domestic demand
model and EV charging simulations to produce results from network model

This section presents the method by which the electrical, geographical and socioe-
conomic datasets are joined to make the sociotechnical model to evaluate the impact

on uncontrolled EV charging on distribution networks.

4.3.2 Study Distribution Networks: Pollokshields and Gorbals, Glas-
gow Southside

The two networks examined are in the Southside region of the city of Glasgow, Scotland.

The area is mainly residential, with a diverse mix of housing ranging from large mansions
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to tenement flats. As could be expected, the individuals who reside in the area are of
diverse characteristics, which as previously discussed is likely to have an influence on
the domestic and EV charging demand in the area.

Both parts of the distribution network are identified in Figure 4.2.
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Figure 4.2: Glasgow Southside distribution networks — Pollokshields and Gorbals —
plotted over OpenStreetMap data showing location of network assets

Whereas the area covered by the Pollokshields network is characterised by suburban
avenues with large Victorian mansions and post-war detached houses, the area covered
by the Gorbals network represents a newly re-developed and historically deprived area
of the city, characterised by higher-density housing in the form of small dwellings and
purpose-built flats. The differences in accommodation and population characteristics
are analysed in depth in Section 4.7, though the difference in housing density is im-
mediately visible from Figure 4.2: although the Gorbals network is shown to cover a
smaller area than the Pollokshields network, it supplies electricity to 1522 households

compared to 857 households served by the Pollokshields network.
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Figure 4.3: Residential parking in Pollokshields network (left) and Gorbals network
(right) — imagery from Google Maps

These areas were chosen for study because while they represent significantly dif-
ferent spreads in accommodation types and population characteristics and hence likely
significant different electricity demand and travel patterns, both areas have a large
availability of dedicated resident parking spaces (either private driveways or reserved
resident parking spaces in designated bays), at which it would be reasonable to assume
EV charging infrastructure could be installed. Thus, it is assumed that any EVs within
either network have the opportunity to charge at home. Figure 4.3 shows archetypes of

dedicated residential parking in the two study network areas.

4.3.3 Network Data

Each network consists of a primary (33/11 kV) transformer, a HV (11 kV) feeder leading
to a series of secondary (11/0.4 kV) transformers and a series of LV (0.4 kV) circuits
leading to customer endpoints. In Figure 4.2, yellow squares represent primary trans-
formers, blue circles represent secondary transformers and black points represent cus-
tomer endpoints. HV circuits are represented by red lines and LV circuits are coloured
by circuit (and hence electrical connectivity).

The network data includes line data (length, resistance and reactance per km, parent

circuit, rating), bus data (voltage, number of meters connected) and transformer data
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(model, rating and tap settings for the primary). Load switches are set in the network at
their nominal position as in the real network. Both primary transformers have on-load
tap changers (OLTCs), with automatic voltage regulators (AVRs) that can increment
their tap settings by 1% between a minimum of -16% and a maximum of +5% to
attempt to maintain their LV busbar at a given voltage. In this case, this target voltage
is assumed to be 1 per unit (pu)?. The secondary transformers have adjustable tap
settings, but this must be done manually while disconnected — not a workable option
for real time network operation. As secondary tap settings are not known, in this study
all are fixed at 0%.

It is assumed that three phases are balanced and thus a three phase system is
modelled as one of a single phase with an endpoint nominal voltage of 400 V. While
the DNO do not have information on how heavily individual phases are loaded, a piece
of further work could be done on investigating the effect of unbalanced phases by re-
modelling the network as a 3 phase system.

A set of scripts was developed using the Geopandas Python module [164] to generate
a set of Geodataframes from the GIS and electrical network data, which were originally
in the form of .shp shapefiles and .dbf database files. Geodataframes are tabular data
structures which contain information (in the form of columns) on a particular object
(given by each row). Crucially, one piece of information is the geometry of the object.
For the network data, this was in the form of points (busbars) and lines (electrical lines
and transformers).

Geopandas was also used to generate Geodataframes of Census Output Areas (OAs),
each containing the responses to any census question for around 50-70 households [165],
and SIMD data zones, an analogous concept for the SIMD data [166]. With sets of Geo-
dataframes representing both the network data and Census data, these were matched up
so that each customer endpoint in the network data was associated with a distribution
of responses to every Census question included in this study (Section 4.3.4).

The Python module Pandapower [167]|, a combination of the data management

2This could be increased to mitigate undervoltages in the network arising as a result of increased
demand from EV charging, though it would rely on the DNO having reasonable forecasts of the output
of any distributed generation in the network, and the consequential voltage rise.
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library Pandas and PYPOWER, the Python implementation of MATPOWER, was
then used to build electrical network models from the resulting Geodataframes.
Figure 4.4 shows an overview of how electrical and socioeconomic data are combined

to build a Pandapower network model.
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Figure 4.4: Process map showing combination of electrical, geographical and socioeco-
nomic data to build network models

Although the Census data contains responses for every household within each OA,
the network might not serve the entirety of a given OA. Therefore, the set of responses
are treated as a probability distribution of a response being a given value: for instance,
Figure 4.1 shows proportions of households associated with a set of busbars that have
access to 0, 1, 2, 3 or 4+ cars at the household. For each run of a simulation, household
characteristics are assigned probabilistically using a random number generator. The
process used is shown in Algorithm 1, for a given level of EV penetration (0-1, where 1

corresponds to all vehicles in the network being replaced by EVs).
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Algorithm 1 Assignment of household characteristics and EVs in study networks

1: for each busbar in the network do

2 Return set of households connected

3 Return building type from network GIS data

4 Return SIMD decile for corresponding data zone

5: Return Census distributions for corresponding OA

6 for each household at busbar do

7 Sample Census distributions

8 Return number of bedrooms, tenure, heating type, household composition,
number of vehicles at household

9: Assign domestic demand profile from model output (Section 4.4)

10: for each vehicle at household do

11: Return random number 0 <ry <1

12: if r1 < EV penetration then

13: Instantiate an EV

14: Return economic activity /means of travel to work of lead EV driver

4.3.4 Household Characteristics
2011 UK Census Data

The last completed census in the UK was run in 20113. Responses to any Census
question for all GB OAs are available from the UK Data Service’s Infuse service [165].
The questions of interest are detailed in the following list, with any assumptions and
processing steps that were taken.

As highlighted in Figure 4.1, the datasets used for the simulations using the MEA
and NTS datasets are different. The first four items (number of rooms/number of
bedrooms, tenure, heating type and household composition) are taken as inputs to
an established domestic demand model used to simulate household electricity demand
(this is further explained in Section 4.4). The latter two items (car/van availability
and economic activity /means of travel to work) are taken as inputs to the EV charging
simulations which, as already mentioned, are two: one which uses charge data from the
MEA EV trial (Section 4.5) and one which derives charging schedules based on travel
diaries synthesised from the NTS dataset (Section 4.6). In the former, only the first

3It is an unfortunate aspect of the timing of this PhD that the last completed UK Census (completed
every 10 years) is at the time of writing 8 years out of date. Some demographic shift in these areas could
be expected in the meantime; it would be interesting to re-do the analysis presented in this chapter
with 2021 Census data upon its release.
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of the aforementioned two points (car/van availability) is used, as the socioeconomic
characteristics of the MEA drivers are not known. In the latter, both are used; the
economic activity /means of travel to work being used as a basis on which to disaggregate
NTS travel diaries and apply representative travel habits to vehicles that are associated

with particular customer endpoints belonging to particular Census OAs.

1. Number of rooms/number of bedrooms
The domestic demand model (Section 4.4) takes the number of bedrooms as an
input to the household demand profile. However, this field is not available in
Scottish Census data which uses number of rooms instead. In this question,
respondents are asked to give the total number of ‘living’ rooms not including
bathrooms, toilets, halls, landings or rooms that can only be used for storage [168].
Therefore, an assumption was made to map number of rooms (1-9-+) to number

of bedrooms (1-4+) as follows:

e 1-3 rooms — 1 bedroom
e 4-5 rooms — 2 bedrooms
e 6-7 rooms — 3 bedrooms

e 8+ rooms — 4+ bedrooms

2. Tenure
The domestic demand model takes tenure as an input as owned, private rent
or social rent. However, in the output Census data there are two additional
categories; living rent free and ‘shared’, which in this context means part-owned
and part-rented [169]. Under the assumption that living rent free would imply
that somebody (perhaps a relative) owned the property and that shared was part-
owned, both these categories are included in the owned category when input to

the domestic demand model.

3. Heating Type
The domestic demand model takes heating type as an input as electric or non-

electric, given that the presence of electric heating would significantly add to a

120



Chapter 4. Modelling the Impact of Uncontrolled Electric Vehicle Charging on
Residential Distribution Networks

household’s demand. The possible responses in the Census data are gas, electric,
oil, solid, other, multiple or no central heating. To input the data into the domestic

demand model, everything that was not electric was grouped into non-electric.

. Household Composition

The ‘Household Composition’ input to the domestic demand model aligns with
the ‘Household Composition (Alternative Classification)’ Census question, which
describes the number and age of residents in a household [169], The possible fields

are:

1 working-age adult (16-64)

1 retired-age adult (65+)

2 working-age adults (16-64)

1 working-age adult (16-64), one retired-age adult (65+) or 2 retired-age
adults (65+)

1 adult, 1+ children

2 adults, 1-2 children
e 2 adults, 3+ children

e 3 adults or 3 adults, 1+ children

5. Car/van availability

In this question, respondents are asked to give the number of cars/vans the house-

hold has access to (0-4+).

. Economic activity /means of travel to work

This is a composite of two questions, one regarding the economic activity of the
lead household individual (employed, self-employed, unemployed or economically
inactive) and their means of travel to work (train, bus, car - driver, car - passenger,
work from home, on foot or ‘other’). These are then matched up with the NTS
travel diaries which have been disaggregated on the same basis. As described

in Section 4.6.2, there is no option for being economically inactive in the NTS
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individual data. It is assumed that, for the purpose of the assignment of NTS
travel diaries, economically inactive is equal to being unemployed and thus all
vehicles within a household that is returned as economically inactive are assigned
NTS travel diaries from individuals who were unemployed when completing the

survey.

2016 Scottish Index of Multiple Deprivation

The Scottish Index of Multiple Deprivation (SIMD) is a measure widely used in Scotland
to describe small area concentrations of multiple deprivations. SIMD ranks small areas
(called data zones) from most deprived (ranked 1) to least deprived (ranked 6,976) [166].
In the same way as with the Census OAs, the SIMD data zones are overlaid onto the
network GIS data to return a SIMD decile (1-10, describing which decile of the 6,976
ranks the zone fits into) for each endpoint in the network, which is then input into the

domestic demand model.

SP Energy Networks Buildings Classification Data

As already mentioned, building type classification data exists in the GIS data provided
by SP Energy Networks. Rather than representing an area within the network as in the
Census and SIMD data, these data are available for each endpoint in the network. The
returned value is one of the following: terraced, end of terrace, semi-detached, detached,
flat (<20 address points), flat (20-40 address points), flat (40-60 address points), flat
(60-80 address points), flat (80-100 address points), flat (100+ address points).

4.4 Domestic Demand Model

It has been established in several studies such as in [170-172] that household energy
demand is strongly correlated with occupancy patterns. In this study, a higher-order
Markov Chain based household energy demand model by Flett and Kelly from [173,174]
is used to synthesise likely demand profiles for the domestic premises in the distribution

network. The model simulates household electricity demand based on the active occu-
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pancy of households, derived from analysis of the results of the UK TUS, a large-scale
household survey that provides approximately 20,000 diaries with a 10-min resolution,
with one weekday and one weekend day diary per person, in order to shed light on how
people in the UK spend their time [175]. The model is favourable over other widely
used demand models such as that in [176] and [177] for this type of community-scale
energy analysis due to two reasons, as discussed below.

Firstly, the model in [176] allocates fixed-power loads from appliances whose cycle
timing is assumed from broader activity data in the TUS (for example, the ‘laundry’
activity drives washing machine and/or tumble dryer use). While this is sufficient for
certain activities, some are more ambiguous and not so clearly correlated with the
use of certain appliances. For example, while probability of the ‘food prep’ activity
is high at breakfast time, use of the oven is generally low [174]. Flett and Kelly’s
model presents a more sophisticated model that incorporates appliance usage probability
distributions from the UK Household Electricity Survey [178] and cycle timing from
appliance datasets to reflect different types of power consumption.

Secondly, although models in [176] and [177] do not differentiate between occupants
within a household, thereby assuming that occupants conform to an average set of be-
haviours, the Flett & Kelly model provides disaggregation of household active occupancy
based on the categories listed in Section 4.3.4 which, as established by Wilke [179], have
a significant impact.

The reader is directed to [173,174, 180] for detailed information on the domestic
demand tool used in this study. Figure 4.5, reproduced from [174], exemplifies the
variation in output demand profiles between households of different compositions.

In this study, the model is run for each household (given an established set of house-
hold characteristics) for a winter weekday to represent the likely peak in GB domestic
demand. The model is run every time the network’s households are instantiated (Algo-

rithm 1).
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Figure 4.5: Model runs from domestic demand model as used for analysis in this thesis,
source: Graeme Flett/University of Strathclyde

4.5 Simulating the Impact of Residential EV Charging on
a Distribution Network using EV Trial Data

4.5.1 Introduction

This section presents work on modelling the impact of residential EV charging on the
Pollokshields study distribution network using real EV trial data from the MEA trial
[163]. Despite the limitations discussed in Section 4.2, the use of EV trial data in
simulating the likely effect of EV charging on distribution networks does not require
synthesis of charging schedules given travel data (as in Section 4.6) or the associated
assumptions as the relevant information is included within the data. Therefore, it is
more likely to capture any behaviours which may be specific to the use of an EV which

are not seen in the use of an ICV.
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4.5.2 My Electric Avenue EV Trial

The MEA EV trial [163] ran from December 2013 to November 2015 across several
regions of the UK to capture the likely driving and charging behavior of EV users and
hence inform future planning of the energy and transport systems. During the trial,
215 participants each with access to a Nissan Leaf EV (24 kWh battery) and a 3.7 kW
private charger had all their trips and charging events monitored.

The trips dataset, once cleaned to remove zero-distance trips (which were logged as
a result of the car being started but not driven), comprises 371,293 trips. Within the
data is the ID of the vehicle that made the trip, the trip departure and arrival times,
the distance covered (km) and the energy consumed (kWh).

The charging dataset, once cleaned to remove zero-energy charging events (logged
as a result of the charger being engaged by the user but no energy being delivered to
the vehicle), comprises 76,698 charging events. Within the data is an ID of the vehicle
being charged, the date and time of the beginning and end of the charging event and
the battery SoC at the beginning and end of the charging event in twelfths*. The charge
data were recorded by the car and not the charger; hence, all charge events (including
those at work, public destinations and en route) are recorded, minus missing data as
discussed below. There are no markers in the data to inform which are carried out
at home or otherwise. Due to the emphasis placed on home charging in the project
literature [163], the higher likelihood of home-based charging events in the evening
where the stress on the network is likely to be greatest and the lack of any information
to suggest otherwise, it is assumed in this study that all charge events logged are carried
out at home (this is acknowledged as a weakness in using this dataset). Therefore, they
are all assumed to take place at a power of 3.7 kW and are applied to the busbar at
which that vehicle is instantiated in the study distribution network, in accordance with
the charging power available in the MEA project [163,181].

It is disclosed in the project [163| that there are missing data due to communications

and recording equipment failures, and a lack of data storage on the vehicles. It is not

4This low level of resolution offered is a result of the EV model used for the trial, and is acknowledged
as a limitation to using this approach.
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known how much charging data was lost due to these factors®.

One of the aims of the MEA trial was to investigate how EV charging could be au-
tomatically managed to avoid overloading network assets. This was done by employing
a concept named in the project documentation as ‘Esprit’, comprising of a ‘monitor
controller’ installed at the local secondary substation which would monitor the current
flow on all three phases, and an ‘intelligent control box’ installed on the customer’s
premises, essentially a switch that would disconnect the EV and switch off its charging
if the loading conditions at the substation were above a certain threshold. The ‘Esprit’

system is summarised in Figure 4.6, reproduced from [182].

Regular
Setup
Espmt 5 D—)

Esprtcmtre\

Power supply EV charging point EV battery

EV battery
Management sysetm

Figure 4.6: Schematic showing ‘Esprit’ system for management of charging in My Elec-
tric Avenue trial, source: EA Technology

Data released from the project contains information of the total loading as seen by
the monitor controllers and the switch state of each intelligent control box (i.e. when
charging was interrupted). However, as each EV is not linked with the substation it
is under or the intelligent control box on its charger, it is impossible to quantify how
much energy (if any) each car was denied as a result of the ‘Esprit’ system. Therefore,
in the context of this work, this means that the results presented show the effect of
an unknown level of managed charging. Clearly, there are improvements that could be
made to the completeness of the MEA dataset, and indeed of those of future EV trials.

This is expanded on in Section 4.9.

SEA Technology, the technical partner of the MEA trial, were contacted for a precise answer on
this, but even they are not aware of how much data may be missing from the trial.
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4.5.3 Processing the Dataset
Dates of Interest

As stated, the trial was conducted from December 2013 to November 2015. However,
the number of trial participants active on each day of the trial did vary; mostly, as
expected, that there were less participants active at the very beginning and very end
of the trial than during the bulk of the trial. Also, trial participants were seen to be
less involved during the periods of Christmas and Easter, likely due to them being on
holiday. Figure 4.7 shows the number of active trial participants by day for the duration
of the MEA trial.
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Figure 4.7: Number of active participants per day of My Flectric Avenue Trial

Based on the result shown in Figure 4.7, the dates for analysis in this work were cho-
sen as 02/08/2014 —23/12/2014, 02/01/2015 — 28,/03,/2015 and 14/04,/2015 - 02/08 /2015
all inclusive. The fluctuating nature of the active participants is due to fewer partici-

pants being active on weekend days than weekdays.
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Disaggregation of Weekday and Weekend Behaviour

It is often perceived that there is a stark difference in driver behaviour between weekdays
and weekend days, mostly due to the presence of commuting on weekdays and a higher
occurrence of leisure trips on weekends. To investigate this trend in the MEA dataset,
travel diaries (i.e. the series of journeys they took over the course of the trial) for all
participants were synthesised from the data. The mean energy usage per participant

per day by day of the week for the duration of the dates stated above is shown in Figure

4.8.
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Figure 4.8: Mean energy usage (kWh) per participant per day by day of week during
dates of interest of My FElectric Avenue trial

Figure 4.8 shows that there is a clear distinction between weekday driving behaviour
and weekend driving behaviour, in that people tend to travel less on the weekends than
they do on weekdays. As a result, charging events were divided into weekday and

weekend groups for analysis.
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4.5.4 Statistical Analysis of My Electric Avenue Dataset
Trip Data

Figures 4.9 and 4.10 show key patterns in the MEA trip data, as compared to the NTS
dataset (as used in Section 4.6). Overall, there are only slight differences in the average
travel behaviour of individuals in both sets, though there is significant difference in the
variance of the two.

Figure 4.9 shows the variation in trip distance between the NTS dataset and that in
the MEA dataset. Though both are dominated by short trips, the average is higher for
the NTS dataset. The MEA dataset is constrained by the short range of the vehicles
(135 km, according to the EPA real-world ranges [38]) compared to ICVs as used in the
NTS dataset.
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Figure 4.9: Histograms showing distance of journeys taken in UK National Travel Survey
(2002-2016) and My Electric Avenue trial

Figure 4.10 shows the daily distance per number of vehicles active on that particular
day, for both the NTS and the MEA datasets. Remarkably, the mean values are equal
to one decimal place (the mean for the NTS is 45.86 km; the mean for MEA is 45.90
km). The skew of the data is notably different: whereas the NTS dataset is dominated

by days where the distance is comparatively low (the modal distance was 5-10 km per
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vehicle), the MEA dataset is skewed to larger distances per day (the modal distances
were 45-46 and 49-50 km per vehicle). This could be a consequence of a bias in the
study resulting from a self-selecting set of people volunteering to join the trial — who
may be more likely to be frequent drivers. However, as before, where there are instances
of very large daily distances being completed in the NTS (up to and beyond 200 km
per vehicle), there are no daily distances greater than 57 km per vehicle in the MEA
dataset — again, due to the range of the vehicle used. The resultant of these two effects

is to produce very close means between the two datasets.
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Figure 4.10: Histograms showing daily distance per vehicle for all days in UK National
Travel Survey (2002-2016) and My Electric Avenue trial

Figure 4.11 shows probability density functions for the arrival times of all journeys
in the NTS and MEA trips datasets. As already mentioned, there is no disaggregation
of the trip type in the MEA dataset; however, it is assumed that trips that end at home
are most likely to be represented by those with arrival times between 16:00-19:00. The
afternoon peak is shown to be broadly similar between the two datasets and, although
a sharper peak is shown in the NTS data, both plots exhibit a characteristic ‘cat ear’

profile with morning and afternoon peaks.
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Figure 4.11: Probability density functions of arrival times for all trips in UK National
Travel Survey (2002-2016) and My Electric Avenue trial

Proportion of Vehicles Charging

Residential EV charging, if uncontrolled, is expected to occur most often in the evening
when commuters arrive home from work [136-142, 144-154]. The same trends were
observed from the MEA data. Further analysis is presented to examine the temporal
variation of charging demand of both weekdays and weekends.

For each day in either the set of weekdays or weekend days during the trial, the
total number of active participants was recorded. For each 10 minute period in the day,
the number of participants who were charging their vehicle (i.e. had started a charging
event and not stopped it) was recorded. The proportion of vehicles charging out of
those active on that day was then recorded. Figures 4.12 and 4.13 show density plots of
all recorded proportions of vehicles charging for all days during the trial for weekdays
and weekend days respectively.

During the trial, the highest proportion of vehicles charging during a 10 minute
period was 24.4%, which occurred in the period 18:30-18:40 on a weekday. On average,
the peak level of coincidence of vehicles charging is around 15% during the periods 18:30-
18:40 and 18:40-18:50 for weekdays and around 14% during the periods 18:20-18:30 and
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Figure 4.12: Density plot of proportion of vehicles charging in My Electric Avenue trial
by 10 minute time period - weekdays
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Figure 4.13: Density plot of proportion of vehicles charging in My FElectric Avenue trial
by 10 minute time period - weekends
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18:30-18:40 for weekend days.

In [181], Cross and Hartshorn report a diversity factor® of ~ 3 for EV charging
based on an MC simulation derived from EV trial data. The results shown in Figures
4.12 and 4.13 suggest that perhaps it is somewhat greater, given that at most one in
four EVs in the trial was charging simultaneously. However, it is important to recall
that the charge events in the MEA dataset are the result of the ‘Esprit’ charging system
(Figure 4.6); therefore, the peak proportion of vehicles charging under an uncontrolled
charging scenario could be higher.

Based on the finding that the peak of weekday charging demand was greater than
the peak of weekend charging, future analysis presented in this section is based on
analysis of weekday charging demand only.

In the simulation (Section 4.5.5), the data presented in Figure 4.12 is assembled into
a CDF for each 10 minute period. Examples of such for the period 16:00-19:00 for all

weekday charging events in the MEA trial are shown in Figure 4.14.

5The diversity factor is the ratio of the sum of the individual non-coincident maximum loads to the
maximum demand of the network. It can be thought of as the inverse of the fraction of coincident
loads; i.e. here, one in three EVs could be considered to be charging at the same time under peak
loading conditions.
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Figure 4.14: Example cumulative distribution functions of proportion of vehicles charg-
ing by 10 minute intervals, 16:00-19:00 for all weekday charging events in My Electric
Avenue trial

Instantaneous Charging Power

As per the analysis in Section 2.2.5, this analysis assumes a lithium-ion charging profile.
The profile originally shown in Figure 2.6 is repeated below in Figure 4.15, though C-
rate charging power and per unit SoC is replaced with kW charging power and kWh

energy storage.
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Figure 4.15: Battery charging profile for lithium-ion battery of capacity 24 kWh at
charging power of 3.7 kW

Recall that the charging power (kW) that an EV can draw during charge event e

P,.(t) is related to the time ¢ relative to the time the vehicle starts charging via (4.1).

e t<t
Pe(t) = (4.1)

PPCe ) g 5y
where, as before, PP¢ is the maximum rated DC charging power available during charge
event e, A\ is the CV region decay constant during charge event e and t7 is the time at
which the EV’s SoC reached ~, at which point the charging transitions from the CC to

the CV region. As before, v = 0.8 in accordance with results presented in [84].

PP € is equal to the AC power 3.7 kW in accordance with charging power available
during the MEA project [163,181] multiplied by an AC/DC conversion efficiency of 0.88

in common with analysis in Chapter 2 — originally taken from analysis in [83].

Similarly to analysis presented in Section 2.2.5, the time at which the battery’s SoC
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Figure 4.16: Example cumulative distribution functions of instantaneous charging power
by 10 minute intervals, 16:00-19:00 for all weekday charging events in My FElectric Av-
enue trial

reaches + is found as in (4.2).

(v = 52)C,

t = 556 =+t (4.2)
e

where S¢ is the SoC of the EV upon plugin (in twelfths) in charge event e, ¢f is the
plug-in time and C, is the battery capacity of the EV during charge event e — for the
MEA analysis, this is fixed at 24 kWh.

For a proportion of time that an EV was charging during the trial, it will have been
within the CV region of the charging profile and hence the power it was drawing from
the charger would have been less than the maximum rated DC charging power. For each
charging event, given S5 and 5, ¢ is calculated. Then, P(t) is calculated according
to (4.1). Figure 4.16 shows example CDFs of the instantaneous charging power P, (t)
by 10 minute time period from 16:00-19:00 for all weekday charging events in the MEA
trial.

The time periods shown in Figure 4.16 are shown because they align with when the

highest number of vehicles are being plugged in. At this time, approximately 60% of

136



Chapter 4. Modelling the Impact of Uncontrolled Electric Vehicle Charging on
Residential Distribution Networks

vehicles plugged in are charging at full power in the CC region of Figure 4.15 and the

remainder are at various stages in the CV region.

4.5.5 Simulation
Overview

For each timestep, the CDF governing the proportion of cars charging at that period
based on all days in the trial (which is equivalent to a ‘slice’ of the data in Figure 4.12)
is returned and sampled from. Following the establishment of the proportion of cars
charging, this is applied to the network by generating a random number for each vehicle
established in the network from Algorithm 1. At this point, each car is then either
charging or not charging. If it is charging, its instantaneous charging power is sampled
from a CDF governing the instantaneous charging power of all cars plugged in during
that time period on all days in the trial (e.g. Figure 4.16). The corresponding charging
power is then applied to the relevant busbar with which this vehicle is associated.

The process used is shown in Figure 4.17.

CDF - proportion of cars charging, 18:30-18:40
10 —

@ - g
Vi 10
06

08

04 / o
5
w
[a]
02 [&]

CDF - instantaneous charging power, 18:30-18:40

CDF

04

0y —— ]
75 10.0 125 15.0 175 0.0 ns
Propartion of cars charging (%) _—
00 — b
0.0 05 1.0 15 20 25 an 3.5
Charging Power (kW)

L |
¢« @ @ @ Coraponion

02 -

l l busbar
NOT NOT NOT CHARGING
CHARGING CHARGING CHARGING

Figure 4.17: Process used for simulation of EV charging impact on distribution network
using charging data from My FElectric Avenue trial
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Algorithm 2 expands on the concepts illustrated in Figure 4.17; the steps taken are
shown for each trial. Each trial was carried out 100 times to give a low variation in

output results; the spread of results is shown in Section 4.5.6.

Algorithm 2 Applying EV charging loads from My Flectric Avenue dataset on distri-
bution network model

1: for each time period (1-144) do

2: Sample from CDF (e.g. Figure 4.14)

3: Return proportion of EVs charging pgy

4: for each household in the network do

5: Return domestic demand > from domestic demand model (Section 4.4)
6: Apply domestic demand at corresponding busbar in network

7 for each vehicle in the network do

8: Return random number 0 < ry <1

9: if ro < pgy: then

10: Sample from CDF (e.g. Figure 4.16)

11: Return vehicle charging power

12: Apply charging power as demand at corresponding busbar in network
13: Run load flow, save results

The EV charging power is assigned with a power factor of 0.98 (lagging), in accor-
dance with previous analysis of the MEA project [183]. The domestic load assigned to
nodes is applied at a power factor of 0.95 (lagging) in accordance with the approach

used in [184].
4.5.6 Results

Overall Network Loading

Figure 4.18 shows a 24-hour plot of the total loading (domestic plus EV charging) to
the Pollokshields network with the analysis detailed in Algorithm 2 run in 10 minute
timesteps. The spread of MC results is shown in Figure 4.18: each shaded region
represents the spread of 95% of the MC simulation results, with the mean result shown

in a solid line for each colour.
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Figure 4.18: Overall network loading of Pollokshields network resulting from simulation
using My FElectric Avenue trial data

Figure 4.18 suggests that if various proportions of vehicles in the Pollokshields study
network area were replaced by EVs, and their charging behaviour were similar to that
displayed in the MEA EV trial including any curtailment from the ‘Esprit’ system, then
a significant increase in demand to the network could be seen: from a 0% to 100% EV
uptake, the network peak demand increases by 58% from 763 kW to 1206 kW. Figure
4.18 also shows that the most problematic area is shown to be in the evening between
15:00-21:00. This was expected from analysis of charging behaviour (Figure 4.12) and
the domestic demand model used (Figure 4.5). In the following sections, the impact on
the network is investigated by examining the likely loading of transformers and lines

and the likely voltage drops at customer endpoints, given the set of real network data.

Loading on Secondary Transformers

There are five secondary transformers in the Pollokshields study distribution network,

numbered 1-5 in Figure 4.19.
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Figure 4.19: Pollokshields network plotted over OpenStreetMap data showing location
of 5 secondary transformers

Figure 4.20 shows the expected peak loading for all 5 secondary transformers for
different levels of EV penetration. In Figure 4.20, vertical error bars show the range of

the 95% confidence interval for each peak loading result.
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Figure 4.20: Peak loading (% capacity) on secondary transformers due to EV charging
load at different levels of EV penetration

Figure 4.20 shows that although every transformer is expected to see a peak load
increase from an increasing penetration of EVs, some transformers see a more significant
increase than others. Transformer 3 is expected to see its peak increase from 18% under
0% EV penetration to 28% under 100% EV penetration; far less than transformer 1,
which is expected to see its peak loading increase from 41% to 68% for the same levels
of EV penetration.

It is shown in both Figures 4.18 and 4.20 that although the spread of MC trial
results increases as more EVs are simulated, it remains low with the difference between
a confidence limit and the mean never exceeding 2.5% of the mean. This is due to the
significant amount of ‘averaging’ that occurs as part of the simulation as it simulates a
large number of individual loads.

The presence of EVs in the network is shown to have a significant effect on the

demand seen by transformer 1. If all vehicles in this network were replaced by EVs who
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Figure 4.21: Increased loading (% capacity) on all lines due to EV charging load at
different levels of EV penetration, simulation using My FElectric Avenue data

follow similar uncontrolled charging behaviour as that exemplified in the MEA trial,
then it is shown to be likely that the peak load on this transformer will exceed 50% of

its thermal capacity.

Line Loading

There are 1840 lines (of which 150 are 11 kV circuits and 1690 are 0.4 kV circuits) in
the study network. Figure 4.21 shows the mean result for all simulations of the peak
loading on all lines as a percentage of their capacity for different levels of EV uptake.
Horizontal lines are shown either size of each marker to represent the 95% confidence
interval of results.

As with the secondary transformers, some assets are shown to face a significantly

greater loading increase than others. While the heaviest loaded line before EV uptake
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Figure 4.22: Minimum voltage at endpoints due to EV charging load at different levels
of EV penetration, simulation using My Electric Avenue data

is expected to be loaded at 48% of its capacity, the same line is brought to above 80%

of its capacity when 100% of vehicles in the network area are replaced by EVs.

Endpoint Voltage Drop

The impact of EV uptake on the per unit (pu) voltage at the endpoints of the network
is shown in Figure 4.22. As previously stated, the primary transformer is able to change
its tap setting to attempt to maintain an LV bus voltage of 1 pu, whereas secondary
transformers are fixed at a tap setting of 0%.

Table 4.1 shows a series of summary metrics on the violation of voltage levels in
the simulation using the MEA dataset, in terms of i) the proportion of time for which
the limits were violated, ii) the minimum voltage that was found and iii) the average

breach magnitude. All values in Table 4.1 are reported as mean values of the 100 trials
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Table 4.1: Summary metrics for violation of voltage limits in Pollokshields network
following simulation of EV charging impact using My FElectric Avenue data

EV penetration (%) 0 40 70 100
Proportion of time volt- | — 1.38 14.51 21.84
ages in violation (%)

Minimum voltage (pu) 0.950 0.938 0.930 0.924
Average breach magni- | - 0.0005 0.0095 0.01453
tude (pu)

Voltage limits in the GB system at the customer endpoint are +10%/-6% [185]. As
shown in Figure 4.22 and Table 4.1, the voltages at multiple endpoints are below 0.94
pu (and therefore outwith the allowable limits) for at least some of the time for EV
penetrations of 40% and over. The deviation from the limits for 40% EV penetration
is very slight: the average minimum endpoint voltage over 100 trials was 0.938 pu, and
on average the voltage was outwith limits for 1.4% of the time.

Options available to the DNO for regulating these voltages include setting the target
voltage of the LV bus of the primary substation higher than 1 pu, or to adjust the tap
settings on the secondary transformers while offline. However, the presence of any
generation whose output was not coincident with EV charging demand (e.g. rooftop
solar PV, whose output would be very low in winter evenings when the EV /domestic
demand would be at its highest, and at its greatest in the middle of summer days where
the EV charging load is less) could render this approach unsuitable as a voltage rise in
the middle of the day could take the endpoint voltage out of allowable limits. Therefore,
further studies would need to be undertaken to establish the possible extent of voltage
rise in the network before these changes could be made.

A potentially easier and lower-cost solution to enable the whole GB system to facil-
itate a greater penetration of EVs for a given cost of reinforcement could be to simply
relax the voltage constraints themselves, given that it has been shown that this results

in very limited effects on device performance. This is further discussed in Section 5.7.1.
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4.5.7 Discussion

Statistical analysis of EV charging data from the MEA trial has shown that EV charging
appears to be fairly diverse: in over 12 months of data, the greatest concurrence of
vehicles charging at the same time occurred at under 25% of vehicles, and on average
the peak coincidence of charging vehicles was under 15% of vehicles. These values,
however, are after a regime of demand side management in which the charging of EVs
is curtailed during peak times if conditions on local substations demand it. Given that
the EV demand peak occurs at around the same time as the existing domestic demand
network peak, the network is expected to undergo some stress if it was to accommodate
uncontrolled EV charging, which would likely necessitate costly upgrades. Most of the
issues shown begin to breach either network limits of DNO planners’ rules of thumb
after 40-70% of vehicles in the network are replaced by EVs.

The analysis presented could be used in a planning context to help direct the invest-
ments of DNOs, thus enabling a lower cost of the integration of EVs within the power
system. Specifically, results such as those presented in Figures 4.21 and 4.22 could be
used to assess whether voltage deviations or thermal loading (or both) are driving any
need for reinforcement, and at which locations in the network these would appear first.

As previously discussed in Section 4.2.1, while the use of EV trial data in EV charg-
ing modelling has its merits, it fixes the results of analysis to a particular set of tech-
nologies (namely the battery capacity, charger power and level of access to charging)
that were available during the trial and to the particular set of individuals who took
part in the trial. As a difference in travel behaviour can be expected between popula-
tions of different socioeconomic makeup, a limitation of the use of EV trial data exists
here. In the next section, similar analysis will be conducted using travel survey data,
which although requires the simulation of charging events, is suggested to hold distinct

advantages.
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4.6 Simulation of Charging Schedules given Travel Survey
Data

4.6.1 Introduction
Motivation

As discussed previously in Section 4.2.1, EV trial data is generally tied to a particular
set of technologies and individuals that made up the trial in question: for instance,
in the MEA trial used for the analysis in Section 4.5, all EVs whose charging events
were recorded had battery capacities of 24 kWh and home charging power ratings of
3.7 kW [163]. As these parameters are likely to change as the EV sector evolves, it is
suggested that charging behaviour is likely to change with it. For example, a vehicle
with a battery of 100 kWh capacity could be expected to charge on fewer occasions than
one with a capacity of 24 kWh as it would be able to travel a greater distance before
running out of range. By using travel data such as that available from the NTS dataset,
charging schedules can be established based on the data for a variety of different EV
parameters to examine the likely differences in charging behaviour and hence network
demand when these parameters change. Furthermore, this can eliminate any bias that
may result from self-selecting subsets of individuals volunteering to take part in EV
trials, who might be expected to tend towards certain kinds of travel behaviour and are

therefore less likely to be representative of typical vehicle users.

Charging Behaviour Models

The governing assumption used when inferring charging schedules from travel data is
that individuals’ travel habits will remain constant whether they are using an EV or
an ICV’. Furthermore, the assumptions made regarding how individuals will behave
will have an effect on the resulting network demand. To mitigate this uncertainty, two
methods of developing charging schedules based on the travel data in the NTS dataset

are presented:

"This assumption has enormous implications for the role of EVs within the future transport and
wider energy system. It is further discussed in the Epilogue.
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1. An idealised method, in which charging schedules are derived in the same way

as presented in Section 2.2.4, except for two modifications. Firstly, in Chapter
2, the initial SoC was set to 80%, so as to provide a fair basis for the evaluation
of the vehicles’ charging time penalties. In this chapter, the analysis focuses on
the resulting demand on the electricity network from charging and hence the as-
sumption of initial SoC has a significant effect on the frequency of the necessitated
charge events. To reflect the idea that these travel diaries represent a week in the
life of an EV driver which could be at any time, the initial SoC in this chapter
is randomised for each travel diary in the interval {S™" 1}, where S™" is the
minimum allowable SoC — refer to equation (2.4). Secondly, whereas in Chapter
2 the EV was to finish its travel diary with an SoC equal to that which it started
with, in this chapter the vehicle does not have to replenish its expended energy
and can finish on any SoC, so long as it is above the prescribed minimum. This
is to avoid a clump of charging activity at the end of the week which would result

otherwise.

. A routine charging method, in which charging schedules are derived in an iden-
tical manner to that of the idealised charging method above, except that 11, =1
for all k (refer to equation (2.3)) corresponding to trips ending at home — in other
words, drivers will always plug in when they arrive at home irrespective of their
SoC. This is done to reflect a set of behaviours where either plugging in upon ar-
rival at home is of minimal inconvenience such that it becomes routine, or where
drivers are incentivised to plug their vehicles in whenever they are home. This
may become more likely with the advent of V2G technology, in which drivers can
be remunerated for making their cars available overnight for the provision of grid

services such as frequency response.

The relative merits and drawbacks of these methods for deriving charging schedules

based on NTS data are discussed in Section 4.6.5.
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4.6.2 UK National Travel Survey Data

In Chapter 2, every travel diary in the NTS dataset was analysed and as such, a subset
of five years (2012-2016 inclusive) was selected due to the high computational cost of
the analysis carried out. In this chapter, individual travel diaries are selected from the
dataset and applied to vehicles, according to their likely socioeconomic properties as
explained in Section 4.3.4. Therefore, the complete fifteen year dataset (2002-2016) is
used for this chapter.

The full 2002-2016 dataset contains details of 2,042,058 trips between 126,186 unique
vehicle-based travel diaries. The method by which the trip data and individual data
were cross-referenced to generate unique week-long travel diaries is the same as that
described in Section 2.2.1.

Figure 4.23 shows the variation in trip distance (km) and time (minutes) of all car-
based trips between years. The mean distance varies only within the range 14.36-15.33
km (2010 and 2007 respectively) and the mean time varies within the range 20.89-
22.81 minutes (2002 and 2015 respectively). Although the variation within each year is

significant, the variation between years is evidenced to be very slight.
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Figure 4.23: Boxplots showing variation in trip distance (km) and duration (minutes)
across 15 years (2002-2016) of UK National Travel Survey data (outliers omitted for
clarity)
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Example NTS Travel Diary

An example of the resulting seven-day travel diaries is shown in Table 4.2. This individ-
ual reported being employed during the week of the survey, and that they generally take
the bus to work. However, as can be seen in Table 4.2, the individual does report one

return trip to work using a car on the Sunday (perhaps due to a reduced bus timetable).

Table 4.2: Example UK National Travel Survey travel diary (car-based trips)

Trip Origin Destination  Trip Start Trip End Distance
# (miles)
1 Home Food shop Tu 09:30 Tu 09:50 3

2 Food shop Home Tu 10:40 Tu 11:00 3

3 Home Other escort Tu 18:15 Tu 18:20 0.25

4 Other escort Home Tu 18:20 Tu 18:25 0.25

5 Home Other escort Tu 19:40 Tu 19:45 0.25

6 Other escort Home Tu 19:50 Tu 19:55 0.25

7 Home Food shop W 09:30 W 09:50 3

8 Food shop Home W 10:30 W 10:45 3

9 Home Work Su 07:40 Su 08:00 7

10 Work Home Su 17:00 Su 17:20 7

Example Idealised Charging Schedule

Table 4.3 shows the derived charging schedule using the idealised charging methods for
the set of trips in Table 4.2. E* and E? denote the energy storage of the EV’s battery
at the start and end of the charge event respectively (equal to the SoC multiplied by

the battery capacity).

Table 4.3: Idealised charging schedule derived from NTS travel diary in Table 4.2 for
an EV with a battery capacity of 24 kWh and a home charger rated at 3.7 kW AC, 88%
efficiency

Trip Charge Plug-in Plug-out E* E? pPC
# Type (kWh) (kWh) (kW)
8 home W 10:45 Su 07:40 8.44 24 3.26

Table 4.3 shows that the EV was able to charge sufficiently to meet the energy
requirements of its travel diary with one parked charging event taken at home at the
end of trip 8. Note that although the EV could have charged after trips 2, 4 and 6, the

driver chose not to as they could defer their charging until later in the week.
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Example Routine Charging Schedule

Table 4.4 shows a schedule of charge events produced using the routine charging method
for the NTS travel diary in Table 4.2.
Table 4.4: Routine charging schedule derived from NTS travel diary in Table 4.2 for an

EV with a battery capacity of 24 kWh and a home charger rated at 3.7 kW AC, 88%
efficiency

Trip Charge Plug-in Plug-out E* E? pDC
# Type (kWh) (kWh) (kW)
2 home Tu 11:00 Tu 18:15 10.36 24 3.26
4 home Tu 18:25 Tu 19:40 23.86 24 3.26
6 home Tu 19:55 W 09:30 23.86 24 3.26
8 home W 10:45 Su 07:40 22.36 24 3.26

In Table 4.4, the EV charges at all the home-based opportunities it gets: in this
example, whereas it did not charge after trips 4, 6 and 8 under the idealised scenario, it
did charge after these trips in the routine scenario. As a result, its energy requirements
for these charge events tends to be less. Given that the total charging time is dictated
by the duration of the parking event, charging under the routine method of charge event

scheduling is typically more flexible than charging under the idealised method.

Number of NTS Travel Diaries by Economic Activity and Means of Travel
to Work

The economic activity (employed, self-employed or unemployed in the week during
which the data was collected) and the means of travel to work (train, bus, car driver,
car passenger, bicycle, on foot or ‘did not answer’ (DNA)) were collected from the
individual assigned to each vehicle, and that pair of characteristics was then assigned
to each travel diary. Table 4.5 shows the number of NTS travel diaries within each
category of economic activity and means of travel to work.

The vast majority (84.7%) of individuals who completed NTS travel diaries were in
employment during the week of the survey, 11.6% were reportedly self-employed and
the remaining 3.7% were unemployed. The latter all answered DNA when asked their

means of travel to work. Of the other economic activity types, there is shown to be an
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Table 4.5: Number of UK National Travel Survey (2002-2016) travel diaries by economic
activity and means of travel to work category

Train Bus Car Car Bicycle On DNA
driver pas- foot
senger
Employed 2,444 967 46,158 734 1,234 2,989 32,806
Self- 261 69 6,413 96 72 564 6,766
employed
Unemployed 0 0 0 0 0 0 2,346

uneven spread of travel diaries between categories of means of travel to work, with car
driver being by far the most reported: 54.4% of those in employment drove a car to
work and 45.9% of those self-employed reported the same.

As shown in Table 4.5, there are some combinations of economic activity and means
of travel to work that contain very few or zero travel diaries. Whereas in the Census
questionnaire a number of individuals who responded ‘unemployed’ also gave a means
of travel to work, the NTS individual questionnaire has any unemployed individual as
‘DNA’ in means of travel to work. Therefore, if any vehicle is returned as being asso-
ciated with an individual who is unemployed (or economically inactive), it is assigned
an unemployed /DNA travel diary. Furthermore, no travel diary can be assigned more
than once in the same network, so as to avoid duplicate charge events. As such, when a
travel diary is assigned, it is removed from the set of travel diaries in that combination
of economic activity and means of travel to work that can be assigned in the future. If
this set is reduced to empty, a travel diary from the ‘DNA’ field of the corresponding

economic activity is assigned.

Total Distance Covered and Time Taken of NTS Travel Diaries by Employ-
ment and Means of Travel to Work

Figures 4.24 and 4.25 show CDFs for the total distance driven (km) and total driving
time (minutes) respectively for the NT'S diaries by economic activity and means of travel
to work (Table 4.5). Recall that while an individual might travel to work by some means
other than driving, they are linked to a vehicle in the NTS data that they use for other

purposes.
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Means of travel to work
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Figure 4.24: Cumulative distribution functions showing probability of travel diary ex-
ceeding given total distance (km) by economic activity and means of travel to work
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Figure 4.25: Cumulative distribution functions showing probability of travel diary ex-
ceeding given total driving time (minutes) by economic activity and means of travel to
work

As shown in Figures 4.24 and 4.25, while there is not a significant difference in the
total distance or time driven by varying economic activity types, there does appear
to be a difference by means of travel to work, with the car driver and car passenger
classifications significantly more likely to drive further than those who take other means
of transport to work. For example, whereas the median distance driven by all employed
respondents who did not take a car to work is approximately 100 km, the median

distance driven by those who did take a car to work as a driver is over 200 km.
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Parking Event Arrival Time in NTS Travel Diaries by Employment and
Means of Travel to Work

Figures 4.26-4.28 show probability distribution functions (PDFs) for the journey end
time — and hence parking event arrival time — for all trip data from the NTS travel
diaries ending at home, work and public destinations respectively, by economic activity
and means of travel to work for weekday trips in 15 minute intervals. Note that only
trips that started on weekdays are included, in line with the general assumption that

EV charging peak is to be more severe on weekdays than weekends [135,181].
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Figure 4.26: Probability density functions showing probability of home parking event
arrival time by economic activity and means of travel to work — weekday trips
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Figure 4.27: Probability density functions showing probability of work parking event
arrival time by economic activity and means of travel to work — weekday trips
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Means of travel to work
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Figure 4.28: Probability density functions showing probability of public destination
parking event arrival time by economic activity and means of travel to work — weekday
trips

Figure 4.26 shows characteristic spikes in arrival time in the evening around 17:00-
19:00 as drivers arrive home from work; this behaviour is shown to be particularly
apparent for employed individuals who use a car to get to work, either as driver or pas-
senger. The self-employed dataset shows a less pronounced peak, but the highest values
remain within 17:00-19:00. Individuals reporting themselves as unemployed exhibit
broadly similar behaviour to the other categories, though the peak in their arrival time
at home is earlier than employed or self-employed individuals, in this case happening
before 16:00.

Arrival times at work (Figure 4.27) are shown to be significantly more concentrated
than arrival times at home, with the majority of arrival times occurring within the
bounds of 07:30-09:00, with no significant difference to report between different economic
activities and means of travel to work. A noteworthy and unexpected result is the
presence of arrival times at work of unemployed individuals. It is expected that in line
with the fact that these individuals report not attending work during the week of the
survey, the destinations of these journeys are ‘education’, which are included within the
set of ‘work’ destinations as discussed (Section 2.3).

The arrival times at public destinations (Figure 4.28) are shown to differ as a result
of economic activity and means of travel to work. Whereas employed individuals, aside

from those who did not answer the question regarding means of travel to work, are
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more likely to visit public destinations in the evening, self-employed and unemployed

individuals are more likely to visit them in the late morning/early afternoon.

Parking Event Duration in NTS Travel Diaries by Employment and Means
of Travel to Work

Figures 4.29- 4.31 show CDFs for the parking event duration for all trip data from the
NTS travel diaries by economic activity and means of travel to work for weekday trips

in 15 minute intervals.
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Figure 4.29: Cumulative distribution functions of parking event duration of trips ending
at home within UK National Travel Survey travel diaries by economic activity and means
of travel to work — weekday trips
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Figure 4.30: Cumulative distribution functions of parking event duration of trips ending
at work within UK National Travel Survey travel diaries by economic activity and means
of travel to work — weekday trips
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Means of travel to work
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Figure 4.31: Cumulative distribution functions of parking event duration of trips ending
at public destinations within UK National Travel Survey travel diaries by economic
activity and means of travel to work — weekday trips

Figure 4.29 shows that individuals across all types of economic activity and means of
travel to work are prone to long parking sessions at home, with 70-80% of parking events
at least 200 minutes in duration. For most groups of individuals, there is approximately
a 20% likelihood that their parking event will be longer than a full 24 hour period. The
‘S’-shaped curve characteristic of all three charts shows that there is a cluster of parking
events that are shorter in duration (0-400 minutes) and another cluster around 800-1000
minutes, which is particularly accentuated for the employed individuals who use a car
to get to work either as a driver or passenger. This is thought to align with typical
overnight parking events between arriving at home from work one day and driving to
work again the next.

Figure 4.30 shows that for all combinations of economic activity and means of travel
to work, a large proportion of individuals are likely to spend between 400 and 600
minutes parked at a workplace, which is thought to be reflective of a typical duration of
a working day. Both employed and self-employed individuals who travel to work on foot
or did not answer the means to work question are less likely to stay for a longer duration,
with 40-60% of these individuals likely to stay for 300 minutes or less. The unemployed
group display similar characteristics to the others. As before, this is suggested to be
due to journeys with an ‘education’ purpose, which are typically of a similar duration

to stays at work.
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Figure 4.31 shows that parking events at public destinations are considerably shorted
than those at home or work. There is shown to be no significant difference based on
economic activity or means of travel to work, with around 90% of all groups parking
for less than 250 minutes.

In both sets of figures (4.26-4.28 and 4.29-4.31) the self-employed distributions are
shown to be ‘spikier’ with greater variations between adjacent points. This is due to
the greater variation in these populations, which are smaller than others as shown in

Table 4.5.

4.6.3 Assignment of EV Parameters

Whereas the analysis based on the MEA EV trial presented in Section 4.5 was con-
strained to the simulation of EVs with 24 kWh batteries, 3.7 kW charging and access
to charging at home only, a key advantage of the analysis presented in this section is
that these parameters can be changed. The EV parameters that can be changed are
the same as analysed in Chapter 2: battery capacity, charger power and level of access
to charging at different locations.

In Section 4.6.4, results are presented using a ‘base case’ of 24 kWh, with access
to the low power charging scenario for home charging only, to allow direct comparison
with the study using MEA data (Section 4.5). In Section 4.7, EV parameters are
assigned probabilistically to represent a future scenario in which there is variety in the
models of EVs driven and the type and power rating of the charging they can access. In
Section 4.8, all EVs in the network are given the same parameters, which are changed
to investigate the effect of these parameters on the resulting demand and effect on the

distribution network.

4.6.4 Comparison to using EV Trial Data
Base Case for Comparison with My FElectric Avenue Study

To provide a comparison between the results of the study using the MEA trial data
(Section 4.6) and of the study using NTS data in this section, the latter was run for

both idealised and routine methods for the Pollokshields study network for a ‘base
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case’ in which all EVs in the area had 24 kWh batteries and access to charging at
home only under the low power scenario (and therefore 3.7 kW at-home charging).
Although the battery capacity and charger power were straightforward to quantify,
the level of access to charging was not. The participants in MEA did have access to
charging at other locations, but there is no labelling of charge events. Due to the
focus on residential charging during the trial and the generally low uptake of workplace
and public charging infrastructure at the time of the trial, it is proposed that this
configuration best represents the use case in the MEA trial.

All results presented below are for the charging demand arising from the second
and third days of the NTS travel diaries (i.e. Tuesday-Wednesday), thus minimising
the boundary effects caused by the influence of the initial SoC assumption. While the
application of a randomised initial SoC was earlier justified, there could conceivably be
a non-uniform distribution: given that all travel diaries are synthesised such that they
begin on Monday, it could be reasonable that SoCs would tend to be higher, as drivers
may have had more opportunity to charge on Sunday — which typically has a smaller
driving energy requirement (see Figure 4.8)). It is recommended that the effect of the
assumption regarding the initial SoC on the resulting EV charging demand profiles be
investigated by a sensitivity study.

As for the simulation using MEA data (Section 4.5), EV charging loads are applied
to the network with a power factor of 0.98 as per [183] and domestic loads are applied
with a power factor of 0.95 as per [184].

In this section, 10 trials were conducted for each penetration level and method of
deriving charging schedules from travel data. These are much fewer than those in the
simulation using EV trial data due to the comparatively computationally expensive
nature of the simulation. As shown, there is only a slight variation in results due to
a significant diversification effect as a result of simulating up to 1,000 vehicles on each
trial, each with individual travel diaries. Accordingly, the 95% confidence interval as

shown in Figure 4.32 deviates a maximum of 4.8% away from the mean.
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Results

The loading of the entire Pollokshields study network is shown for the idealised and
routine charging schedules in Figure 4.32 for all levels of EV penetration trialled in
the study. Figure 4.33 shows the percentage loading of all secondary transformers in
the Pollokshields network, Figure 4.34 shows a scatter diagram of percentage loading
of every line in the network and Figure 4.35 shows the per unit voltage at customer

endpoints in the network.
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Figure 4.32: Loading of Pollokshields network for varying penetrations of EVs and
different methods of deriving charging schedules, ‘base case’ (all EVs 24 kWh batteries,
low power charging scenario and H-W—-P charging access)
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Figure 4.33: Loading of secondary transformers 1-5 in Pollokshields network for varying
penetrations of EVs and different methods of deriving charging schedules, ‘base case’
(all EVs 24 kWh batteries, low power charging scenario and H-W-P charging access)
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Figure 4.34: Peak loading of lines in Pollokshields network for varying penetrations of
EVs and different methods of deriving charging schedules, ‘base case’ (all EVs 24 kWh
batteries, low power charging scenario and H-W-P charging access)
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Figure 4.35: Minimum endpoint voltages in Pollokshields network for varying penetra-
tions of EVs and different methods of deriving charging schedules, ‘base case’ (all EVs
24 kWh batteries, low power charging scenario and H-W—P charging access)

As for the analysis using the MEA dataset, table 4.6 shows a series of summary
metrics on the violation of voltage levels in the simulation using derived charge schedules
from NTS travel diaries for both idealised and routine schedules, again in terms of i)
the proportion of time for which the limits were violated, ii) the minimum voltage that
was found and iii) the average breach magnitude. All values in Table 4.6 are reported

as mean values of the 10 trials conducted.

Table 4.6: Summary metrics for violation of voltage limits in Pollokshields network
following simulation of EV charging impact using derived charging schedules from UK
National Travel Survey travel diaries

IDEALISED ROUTINE
EV penetra- | 0 40 70 100 40 70 100
tion (%)
Proportion of | — 4.17 20.83 31.94 18.06 24.31 32.64
time voltages
in violation
(%)
Minimum volt- | 0.950 0.929 0.908 0.899 0.917 0.901 0.877
age (pu)
Average breach | — 0.0084 0.0098 0.0150 | 0.0102 0.0092 0.0170
magnitude
(pu)

Figure 4.32-4.35 show a dramatic increase in the peak loading of the network follow-
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ing the introduction of EVs for all methods of modelling individuals’ charging behaviour,
with at least a doubling of total peak demand (Figure 4.32) expected for 100% pene-
tration of EVs. The peak loads in the routine case is shown to be slightly greater (~
7%) than those in the idealised case. However, the significant effect of EV parameters
(particularly battery capacity) on the charging behaviour of individuals under the ide-
alised case means that the difference is starker for different sets of parameters. This is
explored further in Section 4.8.

The pattern of charging demand displayed in the simulation using N'T'S travel data is
shown to be remarkably similar to that using MEA charge data in terms of the temporal
variation in demand, with the peak of EV charging demand occurring within the time
period 18:00-20:00. The magnitude of the peak is around 15-25% higher when NTS
travel data was used, depending on the modelling behaviour used. Subsequently, the
impact of EV charging on the network is shown to be more severe when modelling using
NTS data, by numerical comparison of the results in Tables 4.1 and 4.6. The difference
can be accounted for by the consideration of three factors. Firstly, due to the demand
side management system employed, a proportion of charge events in the MEA trial were
interrupted at peak time. Hence, whereas the results presented in Section 4.5.6 actually
show the impact of controlled charging, the results presented in this section show the
impact of uncontrolled charging. Secondly, the base case of home charging access only
does not allow for workplace or public charging, of which there is likely to be an amount
in the MEA dataset: this means that EVs under the NTS ‘base case’ will have to rely
on residential charging to a greater extent than those in the MEA simulation. Thirdly,
as already mentioned there is an unknown amount of missing charge event data in the
MEA charging dataset. For these reasons, it is suggested that using both methods to
derive charging schedules from NTS data, representing the possible spread in charging

demand, is a more reliable method of characterising network impact from EV charging.
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4.6.5 Comparison of Methods Used to Derive Charging Schedules
from UK National Travel Survey Data for the ‘Base Case’ Pa-

rameters
Results

Figure 4.36 shows the total demand on the Pollokshields network from 100% penetration
for EVs for both methods of deriving charging schedules from travel data, offering a

comparison between the 100% traces in Figure 4.32.
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Figure 4.36: Comparison of methods used to derive charging schedules — loading of Pol-
lokshields network for 100% penetration of EVs, ‘base case’ (all EVs 24 kWh batteries,
low power charging scenario and H-W=P charging access)

For the base case EV parameters, both methods show a similar level of total demand.
As could be expected, the routine charging model gives the highest peak demand —
though the difference is not great. This is because while vehicles are plugging in every
time they arrive home, their energy requirement upon plugin tends to be smaller as a

result of the increased charging frequency.
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The patterns seen in Figure 4.36 are explained in Figure 4.37, which shows the
proportion of EVs in the network charging (left) and the proportion of EVs in the
network charging at full power, in the CC region of the lithium-ion battery charging

curve assumed (right).
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Figure 4.37: Comparison of methods used to derive charging schedules — proportion of
EVs charging (left) and proportion of EVs charging at full power (right) in Pollokshields
network for 100% penetration of EVs, ‘base case’ (all EVs 24 kWh batteries, low power
charging scenario and H-W=P charging access)

In the routine charging schedule, all EVs that are parked at home overnight (around
80% of those in the network) are charging. Note that this does not include those that
are plugged in but not actively charging because they are already at 100% SoC. In the
idealised charging schedule, around half of that proportion of cars is charging at any
given time, peaking at just under 40% of cars in the network.

The routine charging schedule is shown to have fewer EVs charging at full power
during peak time: this is because due to their increased frequency of plugin, they
are more likely to start charging with a higher SoC (having charged more recently
than if using the idealised method) and hence they will leave the CC region of the
charging profile sooner. The idealised charging schedule has a greater proportion of
EVs charging at full power during peak time, which also could be expected: as these
vehicles are seeking the fewest possible charging opportunities, they are more likely to

begin charging events with a lower SoC and hence be charging at full power for longer.
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Note that because the vehicle does not have to return to the same SoC as it started
the week with, the total energy transferred (i.e. the area under each curve) does not
have to be equal between cases. Figure 4.38 shows the total energy added to all vehicles
in the Pollokshields network for 100% EV penetration, by the different methods of
deriving charging schedules from the NTS travel diaries. The height of the bars show

the mean value across all trials, and the error bars show the spread of results within

the 95% confidence interval.
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Figure 4.38: Total energy added to vehicles in Pollokshields network by different meth-
ods used to derive charging schedules for 100% penetration of EVs, ‘base case’ (all EVs
24 kWh batteries, low power charging scenario and H-W-P charging access)

Under the idealised schedule, EVs will take the least energy from parked charging
events — i.e. at home, work and public destinations. Predictably, routine charging
results in the greatest amount of energy taken from parked charging events. As they
are both formed around the heuristic presented in Chapter 2, the energy taken from en

route charging is the same for both.
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Discussion

The idealised method might be prone to overestimating individuals’ ability to effec-
tively plan their charging activity, assuming that the week-long travel diary of a vehicle
is known in advance. While this may not represent the actual charging habits of indi-
viduals, it is suggested as it was in Chapter 2 that individuals will exploit opportuni-
ties to charge when the vehicle would be parked anyway and their desire to minimise
dependency on en route charging are likely to give comparable results in respect of
inconvenience. Within the heuristic used to derive the charging schedules, the battery
capacity and charger power will influence how drivers will plan their charging activities.
This is shown to be an important factor of charging modelling: in the Electric Nation
EV trial, it was concluded that EVs with larger batteries tend to charge less often (once
per week as opposed to 3-4 times per week for smaller EVs) [186].

The routine method negates much of the effect of battery capacity on charging
demand, as the EV will seek to replenish as much energy as it can regardless of the
SoC remaining when it returns home from a trip. The routine method is a valuable
quantification of the demand from EV charging if individuals were to plug their vehicles
in every time they had a chance to. This approach to EV charging is often likened to
the charging of a smartphone: regardless of the SoC it has at the end of the day, it is
charged overnight as the act of plugging it in is of sufficiently low inconvenience. This
type of charging is likely to be seen if V2G technologies are commonplace, in which EV
drivers are financially encouraged to have their vehicles plugged in such that they can
be remunerated for the provision of grid services such as energy arbitrage or frequency
response.

Note that while the difference in results between the idealised and routine charging
methods has been shown to be fairly slight for the base case, in which EVs’ batteries
are comparatively small, the difference becomes greater when these parameters change.

This is evident from analysis presented presented in Section 4.7.
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4.7 Effect of Population Socioeconomics on EV Charging

Demand

In this section, the methodology presented in Section 4.3 is applied to both the Pol-
lokshields and Gorbals study networks to examine the likely differences in resulting

domestic and EV charging demand when distribution networks serve different areas.

4.7.1 Assignment of EV Parameters

In investigating the effect of the socioeconomic makeup of the area served by a distri-
bution network on the resulting EV charging demand, assumptions were made as to the
assignment of the EV parameters (battery capacity, charger power and level of access
to charging at different locations) as explained below. The effect of these parameters
on the resulting EV charging demand is explored in Section 4.8.

Although it is acknowledged that the socioeconomic makeup of an area may affect
the parameters of the EVs in the area (e.g. wealthier areas may have a higher con-
centration of more expensive EVs, which may have higher battery capacities/charger
power ratings), analysis of these differences is outwith the scope of this study and the

assumptions regarding these parameters are the same for both study networks.

Battery Capacity

As was discussed in Section 2.4, 40-60 kWh is becoming a ‘standard’ battery capacity
amongst newly-released EVs, though some early models and future budget models could
have smaller capacities and luxury models are likely to have higher capacities. In this
work, it is assumed that these ‘standard’ battery capacities will establish themselves as
the most popular options, with some models of capacities either side of the mean (Figure
4.39). The effect of changing battery capacity on EV charging demand is examined in
Section 4.8.
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Figure 4.39: Probability distribution of assigned battery capacities (kWh) for study of
EV charging demand impact on Pollokshields and Gorbals networks

Charger Power Rating

Charging power scenarios (‘low’ and ‘high’, as in Section 2.2) were used in this analysis.
All EVs were assumed to have 7.4 kW charging capability, to reflect the trend towards
higher power home chargers®. The effect of charger power on resulting network demand

is explored in Section 4.8.

Access to Charging at Different Locations

As discussed in Section 4.3, these study networks were selected as they both have some
form of dedicated resident parking at which charging infrastructure could be installed.
Therefore, all vehicles instantiated in the network are assumed to have access to charging

at home.

8in the UK, there is generally no difference in price between ‘slow’ and ‘fast’ home chargers — e.g.
the WallPod EV charger retails at £320 in the UK for either 3.7 or 7.4 kW configuration [187] — thus
it is likely that 7.4 kW chargers will soon become the norm.
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Workplace charging is granted on a probabilistic basis, according to data from the
individual dataset in the NTS (Figure 4.40). If a vehicle is returned as having a lead
driver who is employed and drives their car to work, then there is a 75.9% chance that
the vehicle has access to workplace charging under the assumption that all those who
park their vehicles at work will be able to access charging. For all other combinations
of economic activity and means of travel to work, it is assumed that vehicles do not

have access to charging at work.
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Figure 4.40: Proportion of employed/car — driver individuals (%) by parking at work —
UK National Travel Survey (2002-16) respondents

In the absence of any data that could be used to suggest otherwise, it is assumed in

this study that 50% of vehicles have access to charging at public locations (Table 2.3).

169



Chapter 4. Modelling the Impact of Uncontrolled Electric Vehicle Charging on
Residential Distribution Networks

4.7.2 Analysis of Key Socioeconomic Indicators between Pollokshields

and Gorbals Study Networks
Factors Influencing Domestic Demand

As inputs to the domestic demand model used (Section 4.4), variations in key socioeco-
nomic indicators between the two study networks are shown in Figure 4.41. As demon-
strated, there are distinct differences in the socioeconomic factors which are to affect
the domestic demand of the consumers served by the study networks. The Pollokshields
network is characterised by larger houses with the vast majority being owned. On the
other hand, households in the Gorbals network are more likely to be smaller flats and
while owned is still the most likely tenure, the proportion of private renters is more
than double, and the proportion of social tenants is more than ten times higher than
that of Pollokshields. Heating is much more likely to be non-electric than electric in
both areas (typical of the UK as a whole), though the proportion of households with
electric heating in Gorbals is around twice that of Pollokshields. The composition of
households in the Pollokshields network is more likely to be larger than that of the Gor-
bals network: whereas the latter is characterised by a majority of single working-age
adults and working-age couples, the former’s most likely composition is a 3+ adults
share with or without children. Larger families (2 or 3 children) are also more likely
in Pollokshields than Gorbals. The SIMD deciles in Pollokshields range from 6 to 9,
putting all households in the area in the ‘least deprived’ classification of the SIMD. The
Gorbals network is split between SIMD deciles of 4 and 1, the latter being the lowest
score attainable and therefore representing one of the most deprived communities in
Scotland.

All of the comparisons, apart from the higher chance of electric heating in the Gor-
bals network, would suggest that the peak domestic demand per household in Pollok-
shields should be greater than in Gorbals. Section 4.7.3 presents results on the expected

domestic demand in the two areas.
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Figure 4.41: Factors influencing domestic demand in Pollokshields and Gorbals networks
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Factors influencing EV Charging Demand

The inputs that affect how EV charging is simulated onto a distribution network are
the number of vehicles (as one travel diary is assigned for every vehicle) and economic
activity /means of travel to work informs which set of travel diaries is used (see Section
4.6.2 for analysis of the differences between these disaggregated subsets of N'TS travel
diaries).

Figures 4.42 and 4.43 show the variation in key socioeconomic factors that relate to
EV charging demand.

Households in Pollokshields are more likely to have a greater number of vehicles than
households in Gorbals; in Pollokshields, approximately 90% of households have at least
1 vehicle and nearly 50% have more than 1; in Gorbals, the most likely outcome is that
there are no vehicles at the household and less than 10% of households have more than
1 vehicle. Employment is higher in Gorbals than Pollokshields, as is unemployment;
in Pollokshields, a significant number of household lead members are reportedly self-
employed or economically inactive, which can mean retired.

As previously discussed, whereas the Census economic activity question has four
options, the NTS ‘employment’ question only has three: therefore, economically inactive
individuals are assumed to have the same travel habits as unemployed individuals,
following the assumption that the lack of a consistent employment shift pattern will be
key in characterising their travel habits.

Whereas in the Pollokshields network the majority of employed individuals drive to
work, there is a fairly even split between driving to work and walking to work for the
employed individuals within the Gorbals network. It is most likely that self-employed
individuals will drive to work in both areas, though a significant proportion will work
from home. Though unemployed/economically inactive individuals in the Census data
did answer with a means of travel to work, there are no corresponding travel diaries
within these categories in the NTS, where any unemployed individual answered DNA

to the means of travel question.
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Figure 4.42: Factors influencing EV charging demand in Pollokshields and Gorbals

networks
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4.7.3 Expected Variation in the Impact from EVs between Pollok-
shields and Gorbals Study Networks
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Figure 4.44: Number of households (left) and vehicles (right) in Pollokshields and Gor-
bals networks
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Figure 4.45: Total (left) and diversified (right) domestic demand in Pollokshields and
Gorbals study networks from results of domestic demand model
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Figure 4.45 shows that although the total peak network demand is expected to be greater
for the Gorbals network due to there being nearly twice as many households (Figure
4.44), the domestic demand when diversified amongst the households in the network is
expected to be higher in the Pollokshields network. This is in line with the presented
results from the domestic demand tool used (Figure 4.5) and reflects the differences in

socioeconomic indicators between the two networks (Figure 4.41).

EV Charging Demand

Figure 4.46 shows the charging demand for all three methods of deriving charging sched-
ules from travel data for the Pollokshields and Gorbals networks. This charging demand
is added to the domestic demand in Figure 4.45 to produce Figure 4.47, which shows
the total network loading before and after 100% penetration of EVs. In accordance with
results presented in Section 4.6.4, 10 trials were conducted for each method of deriving

charging schedules from travel data for each network.
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Figure 4.46: EV charging demand for 100% penetration of EVs by different method to
derive charging schedules, Pollokshields and Gorbals networks
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Figure 4.47: Domestic demand and domestic demand plus EV charging for 100% pen-
etration of EVs by different method to derive charging schedules, Pollokshields and
Gorbals networks

4.7.4 Discussion

Figure 4.46 shows that the charging demand peak is expected to be significantly greater
in the Pollokshields network than the Gorbals network, ranging from a 50% increase
from approximately 300 kW to approximately 450 kW in the idealised case to a 65%
increase from approximately 550 kW to approximately 900 kW in the routine case.
An increase in peak demand could be expected purely due to the significantly greater
number of vehicles present in the Pollokshields network (Figure 4.44). However, the
number of vehicles in the Pollokshields network is only approximately 40% greater than
the number of vehicles in the Gorbals network, suggesting that is is more than just
the number of vehicles that influences their total charging demand. The additional
difference in charging demand is suggested to be as a result of the differences in how
these vehicles move around.

Figure 4.48 shows histograms of the total travel diary distances of EVs in both
networks for all 10 trials carried out. Figure 4.49 shows the energy added per vehicle in
parked and en route charging events, and the ‘spent energy’ (i.e. the energy required

by the vehicle to complete its weeklong travel diary) for all three methods of deriving
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charging schedules from travel data, for both study networks. Figure 4.50 shows the
frequency of charge events by charge start time in 30 minute intervals for all three

methods of deriving charging schedules from travel data, for both study networks.
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Figure 4.48: Total distances in UK National Travel Survey (2002-16) travel diaries,
Pollokshields and Gorbals networks
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Figure 4.49: Energy added per vehicle for parked and en route charging events by
different methods to derive charging schedules for 100% EV penetration, Pollokshields
and Gorbals networks
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Figure 4.50: Number of charge events by charge event start time for different methods to
derive charging schedules for 100% EV penetration, Pollokshields and Gorbals networks

It is apparent from Figures 4.48-4.50 that EVs in the Pollokshields network are
not only expected to be driven further and therefore require more energy, but are also
expected to be disproportionately more likely to start charging in the evening around
17:00-19:00, where the network is already at its most highly loaded. It is suggested
that both of these differences are likely due to the greater proportion of individuals who
drive to work in the Pollokshields network compared to the Gorbals network (Figure
4.43) which, as previously shown in Figure 4.26, would be expected to lead to a greater
number of drivers arriving at home in the evening,.

One drawback of the approach used in this section is that detailed geographical
information is not available in the N'TS. It could be expected that individuals who live
closer to places of employment or local amenities (for example, those who reside in inner
city areas such as the Gorbals network) would travel lesser distances than those who live
further away (for example, those who reside in suburban areas such as the Pollokshields
network, or rural dwellers). It is suggested for future work that analysis be carried
out to further disaggregate charging habits on the basis of geographical location and
demographics. This is further discussed in Section 6.2.

One particularly noteworthy result, by comparing Figure 4.47 with Figure 4.32, is

that for the idealised charging schedule, the total EV charging demand has decreased as
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a result of a wider spread in parameters, versus every vehicle having a 24 kWh battery
and access to home charging only at 3.7 kW. However, for the routine charging method,
it has stayed much the same. Of course, for the routine charging method, the charging
schedules are less dependent on EV parameters such as battery size and charger power
as the vehicle will plug in regardless of its SoC and the energy demand is dictated only
by the travel diary. The effect on changing EV parameters is explored in the next

section.

4.8 Effect of Technical Parameters on Electric Vehicle Charg-

ing Demand

In this section, the influence of changing the three EV parameters formerly analysed
in Chapter 2 and earlier in this chapter (battery capacity, charger power and level of
access to charging) on the resulting charging demand is investigated.

The analysis presented in this section is for 10 trials of the Pollokshields network
for 100% EV penetration. The idealised charging method is used in this section as
the resulting charging diaries differ significantly when the parameters are changed. As
already mentioned, this is in line with EV trial results; preliminary results from the
FElectric Nation trial [186] having found that EVs with larger batteries are significantly
less likely to be plugged in ‘routinely’ (every time the vehicle arrives home) than those

with smaller batteries.

4.8.1 Electric Vehicle Charging Parameters

Battery capacities found on variants of three EVs spanning typical battery sizes and
levels of energy consumption on the global market are used for reference: the lower-range
first generation Nissan Leaf (24 kWh), the 64 kWh version of the mid-sized Hyundai
Kona Electric and the longer-range 100 kWh version of the Tesla Model S. The energy
consumption values used are taken from the US EPA’s fuel economy test data as in
Figure 2.3. Values used for this study are shown in Figure 4.51 along with battery

capacity for the vehicle models discussed.
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Figure 4.51: Energy consumption values (city, highway and combined) for vehicles
considered in study, source: US Environmental Protection Agency

Charger power and level of access to charging are investigated as per the same levels

as they were in Chapter 2 (see Tables 2.2 and 2.3 respectively).

4.8.2 Results

Figure 4.52 shows the time series of charging demand from each mode of charging, Figure
4.53 shows the time series of domestic demand (generated using the same method as
presented in Section 4.4) and domestic demand plus home charging, Figure 4.54 shows
the time series of the proportion of EVs in the network i) charging and ii) charging
in the CC mode of the battery charging profile (Figure 2.6) and Figure 4.55 show the
total energy extracted from each charging type over the seven day period — for all
combinations of EV parameters trialled. The titles of each plot refer to the battery
capacity (kWh), the charging power scenario (low/high) and level of access to charging
at different locations: H, W and P refer to access to charging at home, work and public
destinations respectively and a = symbol preceding any of those letters implies a lack of
access to charging at that location. Charts in all figures show the spread of the results
across the 10 trials carried out: in Figures 4.52-4.54, the shaded regions show the 95%
confidence intervals of the loading or charging coincidence at 10 minute intervals and

the solid lines show the mean values. In Figure 4.55, the mean values are shown by the
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height of the bars; 95% confidence intervals are shown by error bars.

All results presented in this section are shown for an EV penetration of 100%.
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Figure 4.52: Time series of home, work and public charging demand for varying combi-
nations of battery capacity, charger power and levels of access to charging at different
locations
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Figure 4.54: Coincidence of EVs charging and coincidence of EVs charging at full power
for varying combinations of battery capacity, charger power and levels of access to
charging at different locations

184



Chapter 4. Modelling the Impact of Uncontrolled Electric Vehicle Charging on
Residential Distribution Networks

Energy Added

24 kKWh, low, H-W-P

Energy ad
omn o N D
o w o v o

Home  Work  Public En route

64 kWh, low, H=W-P

Energy adde
oMo NDR
o v o v ow

——
Public En route

100 kWh, low, H~"W-P

Home  Work

Energy added (MWh!
om o NS RGN
o O o ;o wm

——
Home  Work Public En route

24 kWh, high, H-W-P

Energy ad
omn o N D
o v o u o

Home  Work  Public En route

64 kWh, high, H-W-P

Energy added (M
on o NSR &
o 0w ©O o v o

——
Public En route

100 kWh, high, H"W-P

Home  Work

Energy added (MWh)
onv o N3RS
o OO o »m o wuw o

——
Home  Work  Public Enroute

24 kWh, low, H-WP

Public En route

Home  Work

64 kWh, low, H-WP

Home  Work
100 kWh, low, H-WP

Home  Work

24 kWh, high, H~WP

Public  En route

Home  Work

64 kWh, high, H-WP

Home  Work
100 kWh, high, H-WP

Home  Work

———
Public En route

——
Public En route

—
Public En route

———
Public  En route

24 KWh, low, HW-P

Work  Public En route

64 kWh, low, HW-P

Home

——
Home  Work Public En route

100 kWh, low, HW-P

o
3 100
S 10.
3 7.5
2 50
w

25

Home  Work  Public En route

24 kWh, high, HW-P

Home  Work  Public En route

64 kWh, high, HW-P

——
Home  Work Public En route

100 kWh, high, HW-P

S 150
B 125
3
T 10.0
875
2 50
w
25
0.0

——
Home  Work  Public En route

24 kWh, low, HWP

Work
64 kWh, low, HWP

Home Public  En route

[ ]
Work  Public En route

100 kWh, low, HWP

Home

—
Home  Work  Public En route

24 KWh, high, HWP
200
175
S 150
B 125
o
€100
75
50
25
00

Energy

Home  Work  Public En route

64 kWh, high, HWP

——
Home  Work Public En route

100 kWh, high, HWP

—t—
Home  Work  Public En route

Figure 4.55: Total energy added to vehicles by charging at home, work, public and en
route for varying combinations of battery capacity, charger power and levels of access
to charging at different locations
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4.8.3 Discussion
Effect of Battery Capacity

Figure 4.52 shows that increasing the battery capacity for a given charger power and
level of access to charging reduces the prominence and magnitude of the peak, with a
30% reduction in peak charging demand from having a fleet of 24 kWh EVs to having a
fleet of 64 kWh EVs. Notably, the peak demand also occurs later when battery capacities
are larger: using the low power, HHW=P scenario as an example, the peak demand
recedes from around 8 pm if all vehicles had 24 kWh batteries to around midnight for
both 64 kWh and 100 kWh cases. Figure 4.53 shows that increasing the battery capacity
for a given charger power and level of access to charging leads to the shifting of charging
demand late into the night, resulting in a higher load on the network at off-peak times.

These patterns are explained by the patterns of EVs plugging in, as shown in Figure
4.54. As previously discussed, EVs with larger battery sizes are expected to charge less
often — but when they do charge, their energy requirement per charge event is expected
to be greater. This means that the proportion of these vehicles that are charging at full
power (in the CC region of the charging curve) is higher as these vehicles take longer to
fill up their batteries. The result is a later peak and a smaller difference between peak
and trough.

Figure 4.55 shows that in terms of the total energy added to the vehicles, an increas-
ing battery capacity causes a reduction in the energy added from en route charging, as
the increased driving range of the vehicles means that they are less likely to be forced
to charge en route. The total amount of energy varies according to the level of energy
consumption applied to each battery size.

The effect of battery size on EVs’ charging demand is shown to have a saturating
effect; while there is a significant difference between 24 kWh and 64 kWh, there is no
discernible difference in the magnitudes of the peaks between 64 kWh and 100 kWh.
This is likely due to the relationship of the driving range of the vehicles with the distance
of the trips that the vehicles actually complete. As shown in Figure 4.24, approximately

50-80% (depending on economic activity and means of travel to work) of travel diaries
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recording less than 200 km of driving distance. The relative EPA real-world ranges of
the three representative vehicles used for this study are 121 km for the 24 kWh Nissan
Leaf, 415 km for the 64 kWh Hyundai Kona and 507 km for the 100 kWh Tesla Model
S [38]. It is suggested that the relative frequency of parked charging opportunities with

that of journeys undertaken seems to produce this saturating effect.

Effect of Charger Power

Figure 4.52 shows that increasing the charging power increases the prominence, mag-
nitude and ramp of the peak demand for a given battery size and level of access to
charging. On the other hand, the minimum charging demand is reduced: in most cases,
to near-zero in the middle of the day. The timing of the peak is brought forward: using
the H-W—=P scenario as an example, the peak for the 24 kWh case is brought from 8
pm to 7 pm and the peak for the 64 kWh and 100 kWh cases are brought from mid-
night to around 10 pm. Similar patterns are observable from Figure 4.53: an increase
in charging power brings charging demand forward to be coincident with the existing
domestic demand peak, resulting in the highest overall demand to the network coming
from a fleet of EVs with 24 kWh batteries, high charging power and access to charging
at home only.

Figure 4.54 shows that the proportion of EVs charging through the night is expected
to reduce slightly if charging power is increased, and the proportion of EVs charging at
full power is expected to reduce significantly. This is because vehicles will fully charge
their batteries in a shorter time if they have access to a higher charger power.

Figure 4.55 shows that there is no significant change in the energy added to vehicles
when changing the charging power. This suggests that the majority of parked charging
events are long enough to fill the vehicles’ batteries even with the low power charging

scenario.

Effect of Charging Access

It is shown in Figure 4.52 that increasing the level of access of charging at different

locations can significantly reduce the home charging peak, and thus the peak that the
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study network concerned would experience, as shown in Figure 4.53. This is done at the
expense of an increase in demand in work and public location charging. Of particular
interest is workplace charging, which in most scenarios is seen to be the new peak
demand of all charging modes. This is due to the generally smaller variance in the time
of arrival at work compared to the time of arrival at public places.

Figure 4.54 shows that being able to charge at other locations significantly reduces
the proportion of EVs charging at home overnight; a similar effect is observable on those
charging at full power.

Figure 4.55 shows that increasing the number of locations that individuals can charge
at spreads the energy added across different charging types. A reduction in en route
charging is seen, due to individuals being less likely to have long stretches without
parked charging opportunities. It is shown that as when the en route charging energy
reaches a certain level, it does not get any smaller. It is suggested that this is due to
the presence of long journeys, which outstrip the range of vehicles and force them to
stop and charge. Home charging remains the majority of charging for all cases, which

is in line with predictions made in [135].

Discussion of Results in Context of EV Markets and Electricity Networks

As the EV market continues to evolve, it is proposed that the resulting impact to the
electricity system — as characterised by Figures 4.52-4.55 — will move towards increasing
battery capacity, increasing charging power and access to charging at more locations as
discussed in Section 2.4.

GB peak domestic electricity demand generally occurs between 6-7 pm when cook-
ing, lighting and audiovisual demands are increased generally when people get home
from work [188-190]. Therefore, EV charging will have the greatest network impact
when the peak demand from charging coincides with the peak domestic demand. Fig-
ure 4.52 shows that an increase in battery capacity could make it easier for distribution
networks to provide peak EV charging demand, given that it is more likely to occur
later on when domestic demand is lower. Increasing charger power, however, could

bring greater challenges to the distribution system as the peak from EV charging is
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seen to increase significantly and be brought towards the existing network peak. Aside
from providing a means of charging for those who lack access to charging at home, the
results presented should provide a mandate for increasing the penetration of workplace
and public destination charging as a method of reducing the latent peak demand on

residentially-dominated distribution networks.

4.9 Chapter 4 Conclusions and Further Work

This chapter has presented an investigation of the impact of residential EV charging on
distribution networks. From reviewing the literature in Section 4.2, it was established
that in simulating the impact of EV charging on networks, the most advanced methods
used either results from EV trial data or raw travel data from which to generate sets
of charge events. It was established that the author found no works that modelled EV
charging behaviour in a way that allows drivers to take the option to not charge, given
an opportunity to do so. It was also established that while there are several works in
the literature that are focused on simulating EV charging on real distribution networks,
there are none that the author has found that use local socioeconomic datasets to
inform the likely travel habits of the individuals who charge their vehicles within these
networks.

In Section 4.3, a sociotechnical model was presented which combines real network
data from the relevant network operator with Census and SIMD data relating to the
households served by the network. An established domestic demand model as presented
in [173,174,180] was adapted for use in this study to provide domestic load profiles for
the households in the network area, based on the building type data, SIMD decile and
distributions of Census data of the output area in which the household is situated.

The impact of EV charging was simulated using both EV trial data (from the MEA
EV trial) and travel data (from the NTS 2002-16), demonstrated in Sections 4.5 and
4.6 respectively.

Using the EV trial data enabled a case study of the network if all vehicles within
the network were of battery capacity 24 kWh, had access to 3.7 kW home charging and

their charging behaviour was assumed to resemble that of the 215 participants in this
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particular trial, given that an unknown proportion of their charging was curtailed by
the ‘Esprit’ technology (Figure 4.6). Following this case study, the Pollokshields study
network would be expected to see up to a 65% increase in its evening peak loading if
every vehicle in the network was swapped for an EV. It was found that the impact on
network assets would begin to be unacceptable when EV penetration reaches 40-70%,
in that a subset of transformers and lines in the network would exceed 50% loading
and the voltage at customer endpoints would dip below 0.94 pu, outwith GB statutory
voltage limits.

The main advantage to using EV trial data is that it negates the need for complex
modelling of human behaviour and how likely people are to charge their vehicles given
a set of circumstances. However, the quantity of EV trial data published at the time of
writing is not sufficient to conduct meaningful analysis that appreciates the significant
effects of the changing technology in the EV sector (namely battery capacity, charger
power and access to charging) or the travel habits of the individuals behind the wheel.
As a result, any analysis using EV trial data would tend towards that presented in
Section 4.5: a case study based on a narrow subset of individuals using a narrow subset
of vehicles.

To enable the investigation of the effects of varying socioeconomic indicators and of
varying EV parameters on the resulting impact on the network, Section 4.6 presented
two methods on deriving charging schedules from week-long travel diaries available from
15 years of NTS data, with the intention of covering the probable spread in drivers’
charging habits. The idealised method was based on the heuristic used to find the
minimum number of possible charge events given a set of required trips as used in
Chapter 2. The routine method was based on the idealised method, though individuals
would now always plug in upon arriving home (if they had access to charging at home).

The idealised method might be prone to overestimating individuals’ abilities in
knowing their own travel habits a week in advance and selecting the charge events that
would lead to them having to charge the least often — though, as previously discussed
in Section 2.1.3, smartphone apps such as Zap-Map’s journey planner have recently

become established to assist drivers in becoming more efficient at planning charging
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schedules with minimum effort. The result is that it represents a scenario in which the
driver takes the least possible amount of electrical energy from the network in order to
satisfy their (known) travel needs (as clearly depicted in Figure 4.38). On the other
hand, the routine method represents a scenario where the act of plugging in at home is
considered to be of minimal inconvenience and it is done out of a routine habit. This
could represent a scenario in which individuals are incentivised to plug their vehicles
in, for example if they are to be used as a flexible resource for the benefit of the grid.
Whereas EVs will plug in at home regardless of their SoC under the routine case, and
therefore their behaviour is not very dependent on the technical parameters of the vehi-
cle, these parameters have a significant bearing on the results of charging demand when
drivers charge under the idealised model.

In Section 4.6.4, the results of the simulations using EV trial data are compared to
simulations using NTS travel diaries with all three methods of modelling individuals’
charging behaviour with the same set of parameters: all EVs with 24 kWh batteries
and access to charging at home only at 3.7 kW. It was found that the total network
loading from the simulation using NTS travel diaries was remarkably similar — in terms
of the temporal variation of demand — to that from the simulation using MEA data,
with the peak occurring within the window 18:00-20:00 for both. The loading was
found to be around 15-25% higher when using the travel diaries; this is suggested to be
attributable to the management of charging load by the ‘Esprit’ technology (Figure 4.6)
and the unknown quantity of missing charge events in the dataset. When comparing the
different methods of generating charging schedules from the travel data for this specific
case study (i.e. 24 kWh batteries, charging at home only at 3.7 kW), the routine method
resulted in the greatest peak as could be expected, though the margin was relatively
slight for this specific case study.

Section 4.7 presents an investigation into the effect of population socioeconomics on
the resulting EV charging demand by presenting two study networks, Pollokshields and
Gorbals, with differing characteristics according to those used in this study (Section
4.3.4). It was found that whereas there are expected to be around 40% more vehicles

in the Pollokshields network compared to the Gorbals, the increase in EV loading is
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expected to be 50-65% higher: therefore, it can be concluded that the impact of EV
charging is due to more than just the number of vehicles present. It was shown that
vehicles in the Pollokshields network would be more likely to travel further distances
(and hence require more energy) and are disproportionately more likely to plug in during
the evening when the network is at its most loaded. This is likely due to the higher rate
of individuals who report using their car as a means of travel to work in the Pollokshields
network compared to the Gorbals. Therefore, network planners should take into account
the socioeconomic make-up of an area when planning for an increase in demand due
to the uptake of EVs. Furthermore, the implications surrounding the cost of network
upgrades and how they might be shared are important. This is further discussed in the
Epilogue of this thesis.

Section 4.8 presents an investigation into the likely effect of changing EV parameters
on the resulting charging demand if drivers plan their charging schedules according to
the idealised method (as has been found in preliminary results of the Electric Nation EV
trial [186], increasing battery size has been found to lead to a reduction in the frequency
of charge events). It was found that out of the key emerging patterns identified in
the evolving EV market, increasing battery capacities and the establishment of more
widespread charging opportunities may reduce the peak demand from EV charging or
shift it to a time less likely to coincide with peak domestic demand, hence making it
easier for the network to cope with increasing penetrations of EVs. On the other hand,
increasing charging power may increase the peak and bring it closer to a time where it
is more likely to coincide with peak domestic demand, thus making it more difficult for
the network to cope.

A common theme in this chapter is that a high penetration of EVs is likely to
present problems to the distribution network and, although this is likely to vary based
on socioeconomic characteristics of the network in question and certain changes in
technologies relating to the sector, it is clear that there are sets of circumstances which
would lead to severe consequences in terms of overloading and undervoltages, both of
which could have disastrous consequences in terms of security of supply and, in the worst

case, public safety. Therefore, it is necessary that residential EV charging be managed
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in a way that safeguards the operation of the network (or minimises the cost of any
necessary upgrades), yet allows maximum utility from the network to the individuals

that will use these vehicles to get around. This will be explored in Chapter 5.
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Chapter 5

Opportunities for ‘Smart’ Charging

5.1 Introduction

5.1.1 Motivation

It was shown in Chapter 4 that, if their charging is uncontrolled, a high penetration of
EVs is likely to present problems to the distribution network. The topic of controlled
(a.k.a. ‘smart’) EV charging has long been talked about as a potential solution for the
integration of EVs into the power system, owing to the flexible nature of their demand.
As of July 2019, it is mandated that every installation of EV charging infrastructure
eligible for government grants in GB should be ‘smart’, i.e. ‘have the capability to
receive, interpret and react to a signal’ [191]. However, it is not yet clear how this will
be done or upon what set of technologies it will be based. Therefore, there exists a
substantial space for research into what the most effective method of controlling EV
charging may be.

In addition to enabling charging within network limits, smart charging has the
potential to allow EVs to interact positively with the power system, particularly by
reducing the carbon emissions associated with their charging and absorbing excess RES

generation (that would otherwise be wasted).
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5.1.2 Contribution

This chapter seeks to evaluate the potential of various methods of controlled charging to
manage the impact of EV charging on distribution networks. A method for the formal
optimisation of EV charging is presented, using a time-coupled linearised approximation
of the optimal power flow (OPF) problem, given sets of charge events derived from
distribution network models as per analysis presented in Chapter 4.

Two use cases of this optimisation are presented:

1. An investigation of the potential of controlled EV charging to minimise the impact
on the distribution system via a ‘valley filling’ technique to solve the over-loading
issues found on the Pollokshields network as presented in Chapter 4. Given that
such an optimisation is based on the agent doing the control of the charging (e.g.
an aggregator) having a perfect foresight of future arrivals of EVs, their energy
requirements and their departure times, its realisation in a real smart grid is
unrealistic. To this end, this chapter presents a series of simpler, low-information
heuristic methods for controlling charging based on a level of data that could be
obtained from ‘smart’ (see definition above) EV chargers. A comparison is made
between the outcome of using these heuristics and the ‘best case’ represented by

the formal optimisation.

2. An investigation of the potential of controlled EV charging to enable further decar-
bonisation of the grid, via two case studies on different scales: i) an investigation
of the potential of smart charging in reducing the CO2 emissions associated with
EV charging by selectively charging when grid carbon intensity (COy/kWh) is
low, and ii) an investigation into the potential of large fleets of EVs to provide
demand in times of excess wind generation, hence reducing the proportion of wind

generation that is wasted.

5.2 Literature Review

The control of EV charging is a well-practised area, both in terms of the volume of

academic literature published and the attention given to it as part of publicly-funded
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EV trials.

The review of the works presented in this section is divided into three subsections.
Section 5.2.1 presents a review of academic literature concerning the minimisation of
system or consumer cost; Section 5.2.2 focuses on the academic literature concerning
the integration of RES and EVs; Section 5.2.3 discusses examples of the control of EV

charging as seen in UK-based EV trials.

5.2.1 Optimising Charging for the Minimisation of System and Con-

sumer Cost

The majority of works in the academic literature focus on controlling the charging of
EVs for the benefit of the network and its operation. In [192], the authors present a
concept they call ‘real time smart load management’, in which the sum total of charging
power at any moment is restricted to the rating of the secondary transformer. There
are three groups of EVs, each assigned a priority of charging: those with the highest
priority are the only EVs allowed to charge during peak time (taken as 18:00-22:00).
The paper uses a mixed integer linear programming (MILP) optimisation method to
minimise the total cost of generation and losses subject to the EVs’ energy demand
being met and, in doing so, ensures that the valleys of demand are filled. [193] presents
an MILP approach to scheduling energy to and from a fleet of EVs, with associated
charging and discharging costs: the result being the minimum cost of network operation
from the combined perspectives of a system operator and an aggregator. [194] presents
a heuristic algorithm that seeks to use EV charging to flatten the demand profile of
the local grid transformer, given assumptions about when vehicles in a fleet of EVs are
likely to arrive and leave. [195] presents the minimisation of charging cost amongst a
fleet of EVs via a greedy algorithm: a changing spot price of electricity is used such that
each EV will choose the lowest price regions in which to charge a pre-defined amount
of energy, which is derived from statistical analysis of an Australian travel survey. [196]
presents a decentralised approach to charging optimisation, in which a utility sends a
control signal to each vehicle in turn in a fleet of EVs, which establish a charging profile

that delivers the required amount of energy in the charging window representing their
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length of stay; the control signals sent to each EV are based on what would be required
to flatten the total demand profile (domestic demand plus EV charging demand).
There are works in the literature that are based on controlling EV charging for the
benefit of the consumer, or an aggregator which nominally represents the consumers’
interests. [197] presents a minimisation of a convex objective function which represents
the total cost to individual EV owners of charging and discharging their vehicles, subject
to a changing electricity price (which is not affected by an increase in EV charging
demand). This price can go negative, which is the only circumstance under which
the EVs would discharge. As recognised by the authors, this relies on knowledge of
EVs’ duration of stay and required energy. Furthermore, if a low spot price triggers
all connected EVs to suddenly start charging, this would give a spike in demand which
would, if large enough, lead to a perturbation in system frequency. [198] proposes a
method to optimise the scheduling of EV charging in order to minimise the cost of
charging to the those EVs. While this work presents a dynamic approach in which the
fleet of EVs is adjusted in real time each time an EV starts or finishes charging, the
model requires knowledge of the charging window of each EV in the fleet. [199] presents
a heuristic approach to the optimisation of EV charging scheduling such that the EV
drivers maximise their revenue from the provision of ancillary services, including a cost

associated with use of the battery to model its degradation.

5.2.2 Optimising Charging for the Integration of Renewable Genera-

tion

The integration of REs and EV charging via mathematical optimisation has also received
considerable attention. Amongst the works reviewed in this section, optimisation tech-
niques range from convex programming (CP) [200] to linear programming (LP) [201]
and MILP [202,203]. Lyapunov optimisation is used in [204] and a constrained Markov
decision process (MDP) is used in [205]. [206] uses an agent-based graph search algo-
rithm and [207, 208] use heuristic methods. The end goal of the works reviewed can
be broadly divided into three areas, based on the objective function to be optimised:

the maximisation of RES output, the minimisation of RES curtailment (it is noted that
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while framed differently, these two points are analogous) or the minimisation of the
associated carbon intensity of EV charging.

Works presented in [201], [205] and [204] all act to maximise RES output within
the setting of a microgrid or EV charging car park: effectively a single-bus system
with both RES generators and EV charging demand. In [201], the authors present a LP
approach to minimising the total cost of generation, given a time-varying generation mix
with intermittent RES output and a fixed assumption of the number of EVs that make
available a certain proportion of their batteries to be used in a bidirectional energy
exchange (i.e. V2G). Studies in [205] and [204] both present concepts of a charging
station, where EVs must queue to charge. While the methods used are different, the
objective functions in both papers are formulated such that they are rewarded with
increased use of RES (through there being a lower cost of ‘dispatch’) and penalised with
a longer queue length. Whereas these microgrid/charging car park concepts certainly
have their applications, they are not suitable for the study of widespread EV charging as
the majority of which is expected to occur at private residencies [15]. [203] uses a MILP
approach to simulate the operation of an aggregator who is acting on the behalf of all
EVs in a test network to ensure they receive a pre-arranged quantity of energy during
the time during which the vehicle is available, subject to network constraints. The
aggregator’s objective is to minimise their own cost of buying energy for the charging of
EVs, which is at a minimum during times of maximum RES output. While this approach
is potentially an accurate reflection of how large-scale demand response from EVs may
happen, the study in [203] uses overly simplistic assumptions as to when the EVs are
plugged in and available, based on a small survey in one town made by the authors. On
the contrary, work presented in this chapter uses analysis from a large travel dataset to
derive individuals’ likely charging behaviour based on the energy requirements of their
travel habits.

In [207], the potential reduction in curtailment of wind energy generation is calcu-
lated based on a future projection of the Danish energy system in which 8 GW of wind
power is installed and there are 500,000 EVs. All EVs in the system are aggregated

to form one charging profile, based on a simple assumption relating to typical com-
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muting patterns. By controlling the charging load via a heuristic method that seeks
to maximise the utilisation of wind power by charging, it is reported that curtailment
can be reduced by 20%. Furthermore, [207] reports that the additional reduction in
curtailment from V2G approaches is insignificant, the total reduction from a controlled
V2G approach being 21%. In [208], the authors present analysis of the ability to reduce
wind curtailment of six separate heuristic-based strategies for controlled EV charging,
reporting a reduction of wind curtailment between 13% and 51% depending on the type
of approach used. All strategies are tested on the concept of a ‘nationwide battery’
active during the assumed charging period of 23:00-07:00, i.e. an aggregation of all
the hypothetical EVs served by the Dutch energy system — whose energy requirements
are based on average travel behaviour in the Dutch national travel survey — into one
flexible demand, similarly to the aggregation technique used in [207]. [202] presents an
MILP optimisation to minimise the cost of generation given an availability of wind re-
source (with an associated dispatch cost of zero) and a flexible EV charging demand.
While the modelling of EV charging demand in [202] is more sophisticated than in the
aforementioned works, based on five different hypothetical archetypes of EV charging
relating to the speed at which the vehicles are to be charged, the model uses a single
aggregated load accounting for the total annual energy demand from all of Germany’s
projected 2030 EV fleet, an approach that fails to reflect the diversity in drivers’ travel
patterns and lacks detail compared with the individual travel diary approach proposed
in this chapter.

Works that focus specifically on the carbon intensity of charging are rarer than those
that fit into the categories discussed in the preceding two sections. In [209], the au-
thors establish the likely carbon intensity of EV charging given the average intensity
(gCO2/kWh) of the Danish electricity grid, though there is no consideration of the flex-
ibility of EV charging or scheduling of the charging load. [210] presents a similar study
based on the GB electricity system. Though the temporal variation in EV charging de-
mand is considered, it is assumed that an increase in demand as a result of EV charging
will be met by dispatchable generation and thus the resulting carbon intensity of EV

charging is equal to the carbon intensity of the dispatchable energy capacity at a given

199



Chapter 5. Opportunities for ‘Smart’ Charging

time. Given the context of the GB system, this is composed of gas and coal plants.
In [200], the authors propose a CP method to schedule EV charging to occur at the time
of minimum grid carbon intensity. Although it presents an interesting approach, it is
suggested that the assumptions regarding vehicles’ travel patterns are overly simplistic:
it is assumed that all vehicles are present between 17:00 and 08:00 the following morn-
ing, based on the authors’ interpretation of a typical working day. Furthermore, the
focus on plug-in hybrid EVs with battery capacities around 5 kWh limits the effect that
controlled charging can have, as the total flexibility is less than if pure battery EVs with
considerably larger battery capacities — such as in this chapter — are used. Although
the primary goal in [202| is to maximise the utilisation of wind power, it also presents
the subsequent reduction in carbon intensity of charging as a result of the optimisation;
however, the results are based on a constant grid intensity rather than a time series as

presented in Section 5.6.

5.2.3 Controlled Charging Techniques in EV Trials

All the approaches discussed in Sections 5.2.1-5.2.2 rely on a set of information that
typically would not be available to a network operator or aggregator — particularly,
foresight of the arrival and departure times for a fleet of vehicles ahead of real time!.
In order to be practical, a controlled charging technique must be able to work on the
basis of limited information. These practical approaches to controlled charging are
represented mainly by those that have been attempted in a small number of EV trials.

The Ultra Low Carbon Vehicle demonstrator programme (2009-2012) applied a sim-
ple delay to all EV charging, in that the EV could not start drawing power from the
grid until 23:30 [211]. While this was shown to reduce the loading on the feeder that
would have otherwise resulted from EV charging [212], these simple approaches have
been shown to result in a new peak, usually late at night, due to the reduction in di-

versity of charging load (given that now every EV will start charging at the same time,

! Although this foresight will never be possible, it has been shown throughout this thesis that charging
patterns are likely to be fairly predictable, based on the small variance within the 95% confidence
intervals presented. Therefore, a key part of the future of EV smart charging could involve forecasting
the charging requirements of a fleet of vehicles and aggregating their load accordingly. This is further
discussed in Section 5.7.1.
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regardless of what time it plugged in). For example, early smart charging schemes in
Japan based on a delayed charging schedule saw a new peak on distribution systems
around midnight as a result [213].

The MEA trial, as introduced in Chapter 4, saw the application of a physical limit
on EVs’ charging, irrespective of consumer choice. As already discussed in Section 4.5.2,
this involved a concept named in the project documentation as ‘Esprit’, comprising of
a ‘monitor controller’ installed at the local secondary substation which would monitor
the current flow on all three phases, and an ‘intelligent control box’ installed on the
customer’s premises, essentially a switch that would disconnect the EV and interrupt
its charging if the loading conditions at the substation were above a certain threshold.
As already mentioned, data released from the project contains information on the total
loading as seen by the monitor controllers and the switch state of each intelligent control
box (i.e. when charging was interrupted). However, as a given EV is not linked with
the substation it is under or the intelligent control box on its charger, it is impossible
to quantify how much energy (if any) each car was denied as a result of the charging
curtailment.

More recently, focus has been on market-based approaches to smart charging, giving
the customer the choice to delay their charging (typically incentivised by financial re-
ward) or be able to charge as and when they want (for an increased cost). For example,
in Electric Nation [186], the control of charging was based on consumer participation.
Every consumer in the trial was given the option of using one of two charging manage-
ment smartphone apps: GreenFlux [214] and Crowd-Charge [215]. Both apps are based
on simple time of use tariffs in which the per unit price of electricity was reduced at
off-peak times (i.e. overnight). In GreenFlux, users are by default set to charge only
during off-peak hours, but can override this setting via a simple function that requests
‘high priority’, meaning that the EV will charge irrespective of the per unit price. In
Crowd-Charge, the user enters their journey plans until their next charging opportunity
and the app works out how much energy must be transferred to the EV, carrying out
the charging in the lowest price times. In the first year of the trial for which results

are available, 47% of invited participants used GreenFlux at some point, though 32%

201



Chapter 5. Opportunities for ‘Smart’ Charging

of those who used it only used it once. 38% of invited participants used Crowd-Charge

at least once during the trial.

5.2.4 Gaps in the Literature

A review of the relevant literature has shown that while this area of research is already
well practised, there remain gaps in the collective knowledge. The work presented in
this chapter seeks to address these gaps as follows.

Firstly, whereas all of the works reviewed in Section 5.2 use simplistic assumptions
regarding the temporal variation in EVs’ availability based on impressions of ‘typical’
driving patterns, this work uses a detailed simulation of the possible plugging in habits
of a representative fleet of EVs — which was presented earlier in this thesis in Chapters
2 and 4 — using two different models of charging behaviour to cover the possible spread
in charging event frequency and energy requirement.

Secondly, all but one of the works reviewed in Section 5.2.2 assume a constant grid
carbon intensity (the exception being [200], though they use a profile for only one day,
neglecting considerable day-to-day and seasonal variation resulting from variations in
demand and RES output). On the other hand, the investigation of the potential of
EVs to support renewables in this work (Section 5.6) uses half-hourly grid intensity
data for the GB system from the GB system operator National Grid [216], and half-
hourly curtailment data from Whitelee wind farm [217], a large (539 MW) transmission-

connected wind farm that is nearby (< 15 km) to the simulated distribution network.

5.3 Formal Optimisation of EV Charging

5.3.1 Overview

In this section, a method for the optimisation of the schedule of charging a fleet of EVs
is presented based on a set of network-representative charge diaries derived from travel
data as in Chapter 4. The formulation is based on the DC approximation of the optimal
power flow problem (DCOPF), a well-known power systems optimisation problem [218]

that seeks to find a steady state operating point of a system which minimises the cost of
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satisfying demand within the constraints of the network. In this work, the optimisation
must satisfy all EVs’ energy demand between the time at which they plug in and the
time at which they depart on their next journey; however, the timing of charge events
is flexible (albeit to varying degrees, based on the drivers’ travel habits). The proposed
formulation of scheduling EV charging is described in Section 5.3.3.

Whereas an ACOPF problem formulation can be thought of as a ‘full’ model rep-
resentation of the power system, the DCOPF linearisation makes two key assumptions:
firstly, it is assumed that voltage is constant (1 per unit) at all buses. Secondly, it
is assumed that reactive power generation and demand are both zero. While the EV
charging scheduling optimisation was originally formulated as an ACOPF problem due
to the concerns surrounding busbar voltage as discussed at various points in Chapter
4, it was not possible to build the problem for the 1,783 busbar network as used to
model the Pollokshields network presented in Section 4.3.2 due to memory constraints
on the PC available for this PhD study?. This is identified as a significant limitation
to this approach, as it is generally acknowledged that ACOPF is required to reliably
report results for distribution networks given the significant line impedances and con-
sequential variation in voltage magnitudes and angles [219]. In an attempt to remedy
this limitation and examine the impact of optimally scheduled EV charging on busbar
voltages and compare it to that arising from uncontrolled and heuristically-scheduled
charge events, the solutions of the DCOPF formulation are input into AC load flow
calculations (Section 5.4.2).

Section 5.3.2 describes the process by which the derived week-long charging diaries
are processed into charging ‘flexibility windows’ covering one 24 hour period. Section

5.3.3 describes how these charging diaries are scheduled using a DCOPF formulation.

5.3.2 Charging Flexibility Window

The optimisation performed in this study is carried out on the basis of one 24 hour period

in 10 minute timesteps, from midday to midday the next day. However, the charging

2The PC used was a Dell Inspiron 7050 desktop PC with a 3.6 GHz processor and 8 GB RAM. A
decomposition approach to modelling individual parts of the network may allow for the problem to be
modelled as an ACOPF formulation. This idea is expanded upon as a suggestion for further work in
Section 5.7.1.
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schedules produced on the basis of a week-long travel diary as in Chapters 2 and 4
are 7 days long. Therefore, the week-long charge schedules are trimmed accordingly to
establish a ‘flexibility window’ for each charging event that fits into the 24 hour window

of the optimisation study. The process by which this is done is illustrated in Figure 5.1.
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Figure 5.1: Ilustrative example of charging flexibility window concept, showing how
7-day charging schedules are trimmed to 1-day charging flexibility windows for optimi-
sation

Upon selection of the 24 hour window within the 7-day long charging schedule, any
charge events that are completely outside of the 24 hour window are discarded. Any
that overlap the beginning and/or the end of the 24 hour window (e.g. Charge Events 1
and 3 in Figure 5.1) are trimmed accordingly as per (5.1), such that only the energy that
would ordinarily have been delivered during the 24 hour window — under an uncontrolled

charging schedule — is accounted for.

AE, = AET — (AEMHS + AERHS) (5.1)

where AET is the energy originally delivered during charge event e including in the

time outwith the flexibility window, AF, is the energy to be delivered during charge

EngS

event e within the flexibility window, A is the energy to be trimmed from the
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charge event e overlapping the start of the 24 hour window and AERHS is the energy
to be trimmed from the charge event e overlapping the end of the 24 hour window.
The energy that is to be trimmed from these charge events is calculated by consid-
eration of a CC-CV charging profile of a lithium-ion battery — the same as in Figure
2.6. The resulting expressions for the calculation of AELHS and AERHS are given in

(5.2). For the derivation of these expressions, the reader is referred to Section 2.2.5.

max{0, (t7 — t5)} [

AEHS = @—t) o FCdi
max{((i,g(ig'tz—) tZ) } /tj/ PPCe el gy (5.2a)
AERHS :max{(i); (_tzts—) te)} :Z PPC a4
e~y tg
max{((zél/<t_gltg—) t;/> } t;?m PPCe Aty (5.2b)

where t7 is the original start time of the charge event e, tgl is the adjusted start time
of the charge event e (i.e. the start of the 24 hour window), ¢¢ is the original departure
time of charge event e, tg/ is the adjusted departure time of the parking event following
trip e (i.e. the end of the 24 hour window). t/ is the time at which the EV’s SoC
reaches 7 (taken as 0.8 as in previous analysis presented in this thesis), at which point
the charging profile transitions from the CC to the CV region. As before, A, is the decay
constant of the CV region during charge event e and PP¢ is the rated DC charging
power (equal to the AC charging power demanded from the network multiplied by a
one-way efficiency — 88% in accordance with analysis in Chapters 2-4). t™" is the

minimum of t¢ and & (5.3).

M — min{t>°, ¢4 5.3
e e e
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5.3.3 EV Scheduling

This section describes how the EVs’ charging requirements are scheduled within their

flexibility windows as described in the preceding section.

Power Flow

The power balance equation is given as (5.4), Vbe B, 7 € T:

dopg =Y b+ i+ ol (5.4)

geg ecf deD leL

where B is the set of busbars in the network, 7 is the time horizon (the set of 10 minute
timesteps indexed by 7), € is the set of charge events across all EVs in the fleet, D is
the set of domestic demands (i.e. one per household) and L is the set of lines in the
network. pgt is the active power contribution from the grid supply point g in the time
period [7, T+ 1], pgT is the active power drawn by an EV in charge event e to charge its
battery in the time period [r, 7+ 1], pg - is the active power drawn by domestic demand
d in the time period [r,7 + 1] and pr is the active power flow on line [ in the time
period [r, 7 + 1].

The power flow equations are given as (5.5a-5.5b), Vi€ L,7 € T:

pl[:T = —Bl (5{,77 — (51,/’7_) (5.5&)

—5P9 <pf, < SPC (5.5b)

where B; and SIDC are the susceptance and rating respectively of line I, and &, and
Oy - are the voltage angles at b and ¥/, denoting the busbars at either end of line , in

the time period [7, T + 1].

EV Charging Model

The energy storage content of an EV E, . during charge event e at timestep 7 is related

to that in the previous timestep and the energy gained in the time period A7 = |7, 7+1]
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(10 minutes) by (5.6).

Eer =pL AT+ Eery (5.6)

The power drawn by an EV is constrained by the same CC-CV charging profile as
used several times already in this thesis (e.g. Figure 2.6). The charging power constraint

is stated formally in (5.7).

5 PeDC? Se,T <7
Pe,r < 1— Se,’r
-~

(5.7)
) PPC, Ser>n
where the SoC of an EV in charge event e at timestep 7, S -, is calculated by (5.8) and
constrained between the SoC on arrival and the SoC on departure (5.9); given by the

vehicle’s energy storage content as a fraction of the battery capacity C, .

Ee,T
Ser = o (5.8)
E$ E¢
¢ < < Z€ .
o = Ser < . (5.9)

where E and Eg are the energy storage contents of the vehicle at the start and end of

the flexibility window defining charge event e.

Objective Function

The goal of the optimisation is to minimise the objective function (5.10): the sum of
the cost of COy emissions plus the sum of the cost of not meeting any demand, both
domestic and from EV charging. Although the values of lost domestic load and lost
transport energy are likely to be different, in this work the values of lost load VdD and

V.E are both taken as £17,000/MWh3 in accordance with the value published by London

3In reality, it would be reasonable to expect that these values would be quite different, due to the
variation in consumers’ willingness to pay for domestic electricity (which would vary depending on
which appliance was being used, when it was being used and, of course, by whom) and transport,
which would also be expected to vary significantly in time depending on when any period of lost load
would occur relative to tasks that would be deemed important to the consumer. However, as in this
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Economics for the Department of Energy & Climate Change and Ofgem [80]. The cost
of emissions is given by the total emissions in kg multiplied by a cost per kg I — in this

work, the UK carbon floor price (2018-2021) of £18/tonne (£0.018/kg) [220] is used.

min Z Z I‘chpgT + Z VP (P(fT — pgT) +
T€T geg deD

N—— ~~
CostofCO9emissions Costofsheddingdomesticload

(5.10)

Z VeE (Pe% - pgT) At
1€T

CostofsheddingEV demand

G

where ¢

is the grid carbon intensity of grid supply point g during the time period
[7,7 + 1]. Pdl?T is the active power demand from domestic demand d during the time
period [, 7 + 1]; PfT is the active power demand from EV charging event e during the
time period [7, 7 + 1].

The objective function in (5.10) is minimised subject to the constraints in (5.4-5.9).
The problem is solved using the CPLEX solver using OATS [221] optimisation software.

In this work it is assumed that the marginal increase of EV charging will not lead
to an increase in carbon intensity of the grid (through dispatch of fossil fuelled gen-
eration). While this assumption could be considered reasonable for the small fleet of

EVs considered relative to the carbon intensity of the GB grid, this would change if the

modelling were extended nationwide. This is further discussed in Section 5.7.

study the network was able to serve all load within thermal limits under the DC OPF assumptions,
any relative difference in these values would have zero effect on the results presented.
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5.4 Optimal Scheduling of Electric Vehicle Charging for
‘Valley Filling’ of Distribution System Load Profile

In this section, the formulation presented in Section 5.3 is applied to the same Pollok-
shields network and set of EV parameters as presented in Section 4.7 — recall that this
was: EVs had battery capacities sampled from a symmetrical distribution (Figure 4.39);
all EVs had ‘high’ charging power corresponding to 7.4 kW at home; all EVs had access
to charging at home; workplace charging access was assigned based on results from the
NTS; public charging access was assigned to 50% of vehicles at random. This analysis
was carried out for 10 MC trials on the Pollokshields network, all of which are brought
forward to this section. The week-long charging schedules as derived for analysis in
Section 4.7 were trimmed to one 24 hour window as per the method in Section 5.3.2.
For this analysis, the time period from 12:00 on Tuesday to 12:00 on Wednesday was
chosen as to minimise the influence of the assignment of a random SoC to each vehicle at
the start of their travel diary. In comparison to the analysis presented in Chapter 4 (in
which the network loading was shown for a 48 hour period), the optimisation windows
in this chapter are 24 hours in duration. This was decided as a result of a 24 hour pe-
riod clearly being a ‘repeating unit’, and the consequential reduction in computational
burden from optimising charging over a shorter time period.

The goal of the optimisation here is known as ‘valley filling’ [222]; by scheduling EV
charging such that overall network loading is kept to a minimum, the goal of serving
all vehicles with the amount of energy they need while operating the network within its
limits can be sought. As already mentioned, the network could not be formulated into
an ACOPF problem because of its sheer size — therefore, the DCOPF formulation was
used to derive the EV charging schedule that minimises the total network loading, and
the results of that are then input into an AC load flow with the same power factor as

before (0.98 for EV charging [183], 0.95 for domestic demand [184] — both lagging).
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5.4.1 Method

To find the schedule that minimises the total network loading for all timesteps, line losses
(as a proportion of flow on each line) are introduced into the DCOPF formulation as
an additional constraint. Then, as the minimisation of the objective function (5.10) is
sought, this will involve the minimisation of flows on all lines in the network.

In effect, line losses are used as a proxy to force the optimisation into finding the
minimum network loading; accurate reporting of network losses is not a priority. Losses
are formulated as a constraint in (5.11); the absolute difference between the real power
flowing from bus b to bus b’ and the reverse flow from bus b’ to b is equal to a constant

loss factor L; on line [.

‘pl%’,T’ B ‘plg;b,’l'

= L (5.11)
pé}’,T

To approximate the loss factor L; for each line [ € L, the uncontrolled charging
schedules are run through an AC load flow calculation to generate losses on each line.
As these losses will change with the network loading, an average value over the complete
24 hour time period is taken for each line. This is illustrated in Figure 5.2, which shows
a scatter plot of the mean, minimum and maximum loss factors over 144 AC load flow
simulations, one for each 10 minute timestep in the 24 hour period. Note that these
loss factors appear small compared to the overall distribution network losses reported
by Ofgem in [223]; the lines in the network model are broken up to allow the modelling
of individual joints and customers endpoints (such that the average line length in the
Pollokshields network is 16.2 m). The loss factor L; for each line [ is then set to the

mean loss factor for the corresponding line .
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Figure 5.2: Mean, maximum and minimum loss factors for all lines in Pollokshields
network, uncontrolled EV charging (100% penetration) — 144 AC load flow simulations
covering 24 hour period in 10 minute timesteps

The constraint given in (5.11) is added to the former constraints (5.4-5.9) and the
objective function in (5.10) is minimised as before, V 7 € T. Note that due to the
introduction of two terms for active power flow on each line (plfb, - and plf’b ), the term
pF_ as used in (5.5a-5.5b) is computed as the average of the former two (5.12).

L L L
P = 5 (Pobrr — Piyr) (5.12)

)

| =

For this analysis, the grid carbon intensity ch is kept constant at the average GB
value (221 gCO2/kWh; see analysis in Section 5.6.1 for details): therefore, the result
of the optimisation is that it seeks to schedule EV charging such that overall network

loading is a minimum.

5.4.2 Results

Figure 5.3 shows the network loading from EV charging only, both for uncontrolled
charging and the results of AC load flow simulations of the solutions to the valley-filling
optimisation described above. Figure 5.4 shows the total network loading (domestic

plus EV charging) for the same cases. Note that in both figures, as with other load
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profiles presented in this thesis, the shaded region shows the 95% confidence interval of

results across all trials.
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Figure 5.3: Network loading from EV charging for Pollokshields network, uncontrolled
and valley-filling optimised schedule: idealised (left) and routine charging (right)
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Figure 5.4: Total network loading for Pollokshields network, uncontrolled and valley-
filling optimised schedule: idealised (left) and routine charging (right)

By shifting the EV charging demand later into the night (Figure 5.3), the overall
network peak can be reduced substantially (Figure 5.4) — the average reduction in peak
demand was 15.7% for the idealised charging scenario and 27.6% for the routine charging
scenario.

While the point of minimum domestic demand is shown to be around 04:00, the

point of maximum EV charging in the valley-filling case is shown to be around 00:00-
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01:00. This is because the vehicles’ charging is constrained in how much energy must
be delivered before they leave (which for many vehicles occurs within the period 07:00-
10:00, as shown in Figure 1.6) and the maximum power that can be delivered to the
vehicle (5.7).

The energy requirement, and especially peak power, were shown to be greater for
the routine charging case as was found in Chapter 4. However, the ability to shift this
energy into late into the night is shown to be comparatively greater for the routine case;
this is likely because while there are more vehicles charging, their individual energy
requirements are smaller and hence charging events are more flexible. The resulting
peak demand of the optimised charging is not as different between the two cases as
for their uncontrolled peak demands: for the idealised case, the network would see an
average peak (based on optimisation of 10 MC trials) of 982 kW; for the routine case,
the network would see an average peak of 1057 kW (an increase of 7.6%). Their average
uncontrolled network peaks were 1165 kW and 1460 kW for the idealised and routine
cases respectively (the latter representing a 25.3% increase on the former).

Figures 5.5 and 5.6 show scatter graphs of the line loading (as a percentage of
capacity) and endpoint voltage (per unit) respectively, both for uncontrolled charging
and the results of the optimisation described above. Note that the flat bars on either

side of each marker show the upper and lower 95% confidence bounds for each result.
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Figure 5.5: Scatter plots of maximum line loading for Pollokshields network, uncon-
trolled and valley-filling optimised schedule: idealised (left) and routine charging (right)
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Figure 5.6: Scatter plots of minimum endpoint voltage for Pollokshields network, un-
controlled and valley-filling optimised schedule: idealised (left) and routine charging
(right)

Figure 5.5 shows that delivering the optimal schedule of EVs tended to lead to
different lines being more heavily loaded than those that were originally. In principle,
the optimised solution will have no lines overloaded. However, it was based on a simple
DC approximation of line flows, and the results from AC load flow simulation of the
optimised schedule show that some lines are overloaded some of the time due to reactive
power transfers. This could be remedied by reducing the thermal limits on lines in the
network as part of the DCOPF formulation.

Figure 5.6 shows that the optimal schedule of EVs has the potential to increase the
minimum endpoint voltages across the network: as with the overall network loading in
Figure 5.4, the proportional increase is shown to be greater for the routine charging
case than for the idealised. Despite these increases, it is shown that the minimum
endpoint voltages for this network are below statutory GB limits (+10/-6%) [185] even
for the optimally scheduled EV charging for both the idealised and routine charging
cases. Table 5.1 presents a series of summary metrics on the violation of voltage levels
by the uncontrolled and optimised charging schedules, in terms of i) the proportion of
time for which the limits were violated, ii) the minimum voltage that was found and
iii) the average breach magnitude. All values in Table 5.1 are reported as mean values

of the 10 trials conducted.
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Table 5.1: Summary metrics for violation of voltage limits in Pollokshields network for
uncontrolled and optimised charging; idealised and routine charging cases

IDEALISED ROUTINE
Uncontrolled Optimised Uncontrolled Optimised
Proportion of time volt- | 20.3 17.8 25.3 25.2
ages in violation (%)
Minimum voltage (pu) 0.910 0.929 0.893 0.915
Average breach magni- | 0.0069 0.0023 0.0114 0.0049
tude (pu)

It is noted that the proportion of time for which the voltages are in violation is
remarkably similar for the optimised case as it is for the uncontrolled case for routine
charging behaviour. Whilst this is an interesting part of the result, likely due to a
sideways shift of charging demand later into the night due to the decrease in domestic
activity and hence electrical demand, the average breach magnitude is shown to have
reduced significantly.

The fact that even after the optimisation of charging schedules the network is still
operating outwith voltage limits for a significant proportion of the time is an impor-
tant result, as it can be concluded that 100% penetration of EVs cannot be accommo-
dated within the Pollokshields network (and therefore, likely many other residentially-
dominated networks in better-off areas in GB) if all of their home charging requirement
is to be met and the voltage at the LV bus of the primary substation is 1 pu®.

Although the optimal scheduling of EV charging has not been successful at main-
taining the network within voltage limits, the potential reduction in network loading is
a result of the ‘best case’ scheduling, assuming that a central controller not only has ac-
cess to every vehicle’s battery size, current SoC, duration of stay but a perfect foresight
of the arrival of future vehicles. Clearly, this scenario is not a realistic one — though
accurate forecasting of the arrival of future vehicles and their energy demands could
play an important part: this is expanded up on in Section 5.7.1. Though the context
of how optimal scheduling of EV charging given a forecast of future vehicle arrivals and

their likely travel habits is discussed in Section 5.7, this remains a formidable challenge.

4The DNO may choose to operate the network with the primary substation at a higher voltage level
than this (this transformer has an OLTC with a maximum tap setting of 5%). However, this relies on
reasonable forecasts of both EV charging demand and the output of any distributed generation in the
network, such as rooftop solar PV.
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In the next section, a set of heuristics are presented which can schedule EV charging
on a series of rules without knowledge of the rate of arrivals of vehicles or their energy

requirements.

5.5 Low Information Heuristic Methods for Scheduling Elec-
tric Vehicle Charging

Heuristic-based charging scheduling methods have been used in real EV trials as dis-
cussed in Section 5.2.3 to varying levels of success. The key difference between them
and the optimal scheduling approach presented in the preceding section is that whereas
in the optimal scheduling approach, all vehicles’ energy requirement will be met (at
least if the problem is feasible), there is no such guarantee for heuristic-based methods.

This section is concerned with the scheduling of EV charging demand by heuristic-
based methods that could be carried out using the information that would be ascertain-
able from ‘smart’ EV charge points (the arrival times of the vehicles and their SoC).
The heuristic scheduling methods are based on three approaches: i) applying a delay to
all charge events that plug in within a peak period; ii) applying a queue system based
on ‘first come first served’ (FCFS); iii) applying a queue system based on ‘lowest range
first served” (LRFS). These heuristic methods are compared to the optimally scheduled
charge events in terms of the impact seen by the network (in terms of thermal loading
and endpoint voltage) and the impact seen by the drivers (in terms of the impact on

their future travel requirements).

5.5.1 Methods
Simple Delayed Charging

The simple delay heuristic acts to delay all charge events that attempt to begin between
the hours of 16:00-00:00. At 00:00, all of the charge events that would have begun in this
period are suddenly brought online. Their initial state of charge, maximum charging
rate and departure time remain unchanged.

As already discussed in Section 5.2, this method of delaying charge events was used
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in the Ultra Low Carbon Vehicle demonstrator programme [211] and was shown to
reduce the loading on the feeder from EV charging [212]. However, it was shown that as
EV penetration increases, these control schemes can result in a new peak on distribution

systems [213].

First Come First Served Queued Charging

The First Come First Served (FCFS) method attempts to solve the problem of a new
peak occurring as a result of the simple delay heuristic. Within the peak domestic load
hours 16:00-18:00, all charge events that would have began are delayed until at least
18:00. When each vehicle attempts to begin charging, it is given a place in a virtual
queue; this queue sets the order in which the charging events will be brought online
after 18:00. The spacing s between cars being brought online (minutes) is inversely
proportional to the number of cars NV, that attempted charge events in the peak period,
such that all cars are charging before 00:00 (360 being the number of minutes between

18:00 and 00:00).

s = 360/N. (5.13)

Lowest Range First Served Queued Charging

The Lowest Range First Served (LRFS) method is similar to the FCFS method, except
that the vehicles are now brought online in the order of smallest to largest remaining
range (km), based on their energy storage content at the time of plugging in and the
combined consumption value of their energy consumption: that is, for batteries of the
same size, the vehicle with the lowest state of charge would have its charging started
first. The aim of this method is to minimise the impact of this form of managed charging

on individuals’ upcoming travel habits.
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5.5.2 Results
Network Impact

Figure 5.7 shows the network loading from EV charging only, both for uncontrolled
charging and the results of all three heuristic methods described in Section 5.5.1. Figure
5.8 shows the total network loading for the same cases. As before, the shaded region

represents the 95% confidence interval of reported results.
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Figure 5.7: Network loading from EV charging for Pollokshields network, uncontrolled
and heuristic charging schedule methods: idealised (left) and routine charging (right)
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Figure 5.8: Total network loading for Pollokshields network, uncontrolled and heuristic
charging schedule methods: idealised (left) and routine charging (right)

Figure 5.7 shows how the simple heuristics altered the total network demand arising
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from EV charging. Although the FCFS and LRFS queue delays were able to significantly
reduce peak demand, the simple delay heuristic increased the EV charging demand due
to a loss in diversity. However, this new peak at 00:00 is no longer concurrent with
the existing network peak, and this means that at least for the idealised charging case,
the overall network peak is reduced from the simple delay (Figure 5.8). For the routine
charging case, the new peak far outstrips the old one due to the greater number of
vehicles attempting to plug in during the peak period. Aside from the size of the
peak caused by the simple delay heuristic, the very steep ramp rate of power demand
resulting from the sudden bringing online of all the delayed charge events would present
a significant challenge to the power system.

A noteworthy result from Figures 5.7 and 5.8 is that, for the idealised charging
case, the traces of the FCFS and LRFS queue heuristics are indistinguishable from one
another right up until the end of the night. This is likely due to the generally larger
energy requirement of vehicles in the idealised case — whether they are queued by order
of arrival of by lowest range first, their charging power tends towards the maximum
possible for a large part of the night. It is clear that for the routine charging case,
there is a clearer difference (though they are still quite similar): it is expected that
this is because the smaller energy requirement means that a significant proportion of
those charging events brought online will very quickly reach SoCs above v (in this case,
0.8) and therefore their charging power (and contribution to total network loading) will
reduce.

Figures 5.9 and 5.10 show scatter graphs of the line loading (as a percentage of
capacity) and endpoint voltage (per unit) respectively, both for uncontrolled charging
and the results of all three heuristic methods described in Section 5.5.1. As before, the

flat bars represent the 95% confidence intervals of results across the MC trials.
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Figure 5.9: Scatter plots of maximum line loading for Pollokshields network, uncon-
trolled and heuristic charging schedule methods: idealised (left) and routine charging
(right)

Idealised charging Routine charging
1.00 « Uncontrolled + FCFS Queue 1.00 «  Uncontrolled + FCFS Queue
Simple Delay ¢ LRFS Queue ) X  Simple Delay ¢ LRFS Queue
— ~0.98
> >
= .
P o 0.96
()] (@]
2 2 0.94
© o
> >
c c
= = 0.92
= =
0.90

=
o

088 250 500 750 10001250 150017750 988 0 250 500 750 1000 1250 1500 1750
Bus Index Bus Index

Figure 5.10: Scatter plots of minimum endpoint voltage for Pollokshields network, un-
controlled and heuristic charging schedule methods: idealised (left) and routine charging
(right)

As was seen in Figure 5.8, Figures 5.9 and 5.10 show that for the routine charging
case, the network is brought under increased stress from the simple delay heuristic.
The network is relieved of stress for both charging scenarios under the FCFS and LRFS
queue heuristics. However, as before it is shown that even under the FCFS and LRFS
queue heuristics, the endpoint voltages remain outwith GB statutory limits for both

idealised and routine charging cases.
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As for the formal optimisation presented in Table 5.1, Table 5.2 presents the same
series of summary metrics — as average values across the 10 trials — on the violation of
voltage levels by the uncontrolled and optimised charging schedules, in terms of i) the
proportion of time for which the limits were violated, ii) the minimum voltage that was

found and iii) the average breach magnitude.

Table 5.2: Summary metrics for violation of voltage limits in Pollokshields network for
uncontrolled and optimised charging; idealised and routine charging cases

IDEALISED ROUTINE
Unc. Simple FCFS LRFS | Unc. Simple FCFS LRFS
Proportion of | 20.3 6.39 12.15 11.67 25.3 10.42 17.22 18.47
time voltages
in violation
(%)
Minimum volt- | 0.910 0.929 0.919 0.920 0.893 0.885 0.916 0.913
age (pu)
Average breach | 0.0069 0.0035 0.0053 0.0051 | 0.0114 0.0115 0.0058 0.0070
magnitude

(pu)

By comparing the values in Tables 5.1 and 5.2, it is shown that the the FCFS
and LRFS queue heuristics perform similarly to the formal optimisation, in terms of
the minimum voltage in the network and the average breach magnitude. Although
the simple delay method is the most effective at reducing the proportion of time for
which the voltages are outside limits (due to the sharp peak), the minimum voltage
seen is lower than the uncontrolled minimum for the routine charging case. However, as
already mentioned, there is no guarantee in the heuristic-based methods that the energy
demanded by each EV will be met during their charging flexibility window. In the next
subsection, the effect of these heuristics on the travel demands of the EV drivers is
analysed to quantify the potential forfeit associated with using these methods relative

to a formal optimisation.

Travel Impact

Figure 5.11 shows the proportion of EVs of those that plugged in for whom the energy
delivered was less than that which would have been delivered by an uncontrolled charg-

ing event. Figure 5.12 shows the proportion of EVs of those that plugged in for whom
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the energy delivered was not sufficient to enable them to reach their next charging op-
portunity (with at least 25 km remaining range) without having to charge en route (and

therefore disrupt their journey).
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Figure 5.11: Bar chart showing proportion of EVs that plugged in to charge that received
a smaller amount of energy than they would have done otherwise following a heuristic
charging method being applied — idealised (left) and routine charging (right)
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Figure 5.12: Bar chart showing proportion of EVs that plugged in to charge that were
rendered unable to reach their next charging opportunity following a heuristic charging
method being applied — idealised (left) and routine charging (right)

Figure 5.11 shows that whereas the simple delay results in a considerable proportion
of EVs (up to 75% in the idealised case) having some energy ‘missing’, the FCFS and
LRFS queue are better at ensuring that the majority of vehicles (~ 85% in the idealised
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case and ~ 92% in the routine case) were able to carry out their charge events and receive
the same amount of energy that they would have done from uncontrolled charging.

Figure 5.12 shows that the proportion of vehicles whose travel plans are affected by
these heuristics is significantly lower. If vehicles charge routinely, a diminishingly small
proportion of vehicles have their travel plans affected by these charging strategies. This
is likely because the SoC on plugin tends to be higher for these vehicles, as the distance
travelled since their last charging event tends to be lower. While an average of 0.35%
of vehicles that plugged in had to charge before their next charging opportunity under
the simple delay heuristic, this was reduced to 0.054% and 0.017% for the FCFS and
LRFS queue heuristics respectively.

A shortfall of this analysis is that it does not consider the ‘knock-on effect’ of these
charging management strategies; i.e. if a driver is faced with having their charging
managed for subsequent nights while parked, the probability of them having to stop to
charge en route may increase. This is recommended as a piece of further work from this

study, and expanded upon in Section 5.7.1.

5.6 Optimal Scheduling of Electric Vehicle Charging to En-

able the Further Decarbonisation of the Energy System

This section presents an application of the optimisation formulation presented in Section
5.3 to investigate the potential for EVs to i) reduce the CO2 emissions associated with
their driving by selectively charging when grid carbon intensity (gCO2/kWh) is low and
ii) assist in further ‘greening’ the grid by using excess wind generation in times when it
would otherwise be curtailed due to lack of local demand and transmission capacity to

transport the power elsewhere.

5.6.1 Minimising the Carbon Emissions Associated with EV Charging

This section presents an investigation of the potential for a fleet of EVs to minimise the
CO4 emissions associated with their charging, by selectively charging when grid intensity

is low and taking advantage of surplus low-carbon generation from a nearby wind farm,
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subject to the constraints of a section of the Pollokshields distribution network.

Distribution Network Model

The network used in this section represents a part of the Pollokshields network, con-
sisting of a secondary (11/0.4 kV) substation and three 0.4 kV distribution feeders.
The network serves 157 households, spread amongst 47 endpoints (i.e. there are some
address points that are apartment blocks with multiple households). As before, it is
assumed that the different households are equally divided among the three phases and
that those phases are balanced. Figure 5.13 shows a plot of the network topology with
the location of the secondary substation highlighted (left) and a rendered 3D image of
the area in question (right) — imagery from Google Maps [224].
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Figure 5.13: Glasgow Southside network used for instantiation of EV fleet (left) and
rendered 3D image of area in question (right)

Carbon Intensity Data

Half-hourly carbon intensity data for the GB grid was obtained through the National
Grid Electricity System Operator (ESO) carbon intensity application programming in-
terface (API) [216]. Table 5.3 shows the assumed carbon intensity of each generation
type, which is used by National Grid ESO to calculate the carbon intensity based on

the generation mix per half-hour settlement period. The period used for this work is 12
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months from 1 June 2018 to 31 May 2019 — the most recent 12 month period available

when this study was carried out.

Table 5.3: GB grid carbon intensity and generation by fuel type from 1 June 2018 to
31 May 2019, source: National Grid ESO, Elexon

Fuel Type Carbon Intensity Generation Generation
(gCO2/kWh) (TWh) (%)
Gas - Combined Cycle 394 115.3 41.0
Gas - Open Cycle 651 0.01 0.0
Wind 0 41.08 14.6
Hydro 0 5.3 1.9
Coal 937 9.7 3.4
Nuclear 0 57.1 20.3
Dutch Imports 474 6.7 2.4
French Imports 53 12.8 4.6
Irish Imports 458 1.8 0.7
Solar 0 11.5 4.1
Biomass 120 17.1 6.1
Other 300 2.8 1.0
Total - 281 -

Based on the data presented in Table 5.3, the average GB grid carbon intensity for
1 June 2018 to 31 May 2019 is estimated at 221 gCOy/kWh. This figure continues the
significant reduction in carbon intensity from 469 g/kWh (combustion only) for the UK
in 2013 |225], to under 350 g/kWh in 2015 [226]. To meet UK government targets for
decarbonisation, these trends must be continued to be in line with the CCC target of
below 200g/kWh for 2020 to below 100 g/kWh in 2030 [227].

In this study, an MC-based method is used to conduct the analysis for 100 trials
(as the network is smaller, more variation is expected between trials). Each trial, the
charging schedules of a different fleet of EVs as instantiated in the network model are
optimised for the minimum carbon intensity, given a different 24 hour period of carbon
intensity data. The grid carbon intensity of the 100 24 hour periods as used in this
study were selected randomly from the period 1 June 2018 to 31 May 2019 (Figure
5.14).
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Figure 5.14: Half-hourly GB grid carbon intensity (gCO3/kWh) for 100 randomly se-
lected weekdays in the period 1 June 2018 to 31 May 2019

Figure 5.14 shows significant variation in the grid carbon intensity, ranging from
79 gCO2/kWh at 04:00 on 23 August 2018 to 447 gCO2/kWh at 07:00 on 23 January
2019. The mean carbon intensity value at each settlement period is shown to be lower
in the night-time (22:00-05:00) than in the day. This is an important result; as was
found by analysis presented in Chapter 4, EV charging is generally more likely to be

done overnight as people are parked at home.

Wind Curtailment Data

Whitelee wind farm is a 215-turbine, 539 MW onshore wind farm near Eaglesham,
approximately 15 km to the south of Glasgow. Wind power in Scotland needs to
be curtailed if exports from Scotland exceed the capacity of the B6 boundary — the
transmission corridor between Scotland (which usually runs a generation surplus) and
England (which usually runs a deficit). It is found from review of Balancing Mechanism

data [217] that output from Whitelee is one of the two wind farms often chosen by the
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ESO to be curtailed. During these times, the wind farm’s output is curtailed at an
average cost of £70/MWh (based on the average bid price from [217]). Whitelee repre-
sented 11.5% of total Scottish wind farm curtailment from the 1 of June 2018 to the 31
of May 2018, second only to the neighbouring Clyde wind farm, which made up 13%.
The wind farm and test network are in close proximity; electrically, they are connected
by 275 and 132 kV transmission lines. It is assumed that these have sufficient capacity
headroom to allow increased demand from Glasgow (as a result of EV charging) to be
balanced by curtailed wind energy from Whitelee (Figure 5.15, adapted from [228]).
Therefore, for any period in the 100 days represented in Figure 5.14 in which there
was also curtailment at Whitelee, the grid carbon intensity for that period was set to 0
gCO2/kWh — in accordance with the methodology used in [216].
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(South Glasgow)

= —— ————

' 275 kV Circuit |
' 132 kV Circuit ——— |

275 kV Substation O !
| 132 kV Substation () !

_________________

Whitelee

O 4

—0O

Whitelee
Extension

Figure 5.15: Network diagram from Whitelee wind farm to the test network in the
south side of Glasgow, adapted from National Grid. Note: Sections of the electrical line
diagram have been removed for clarity

Half-hourly curtailment data for the Whitelee wind farm was obtained from the
Elexon Balancing Mechanism Reports [217]. Out of 365 days from 1 June 2018 to 31
May 2019, 112 (31%) saw some curtailment. Figure 5.16 shows the total curtailment by
half-hour settlement period (left) and a histogram of daily curtailment volumes (right)

for Whitelee wind farm during the time period 1 June 2018 to 31 May 2019.

227



Chapter 5. Opportunities for ‘Smart’ Charging

< 1750 16 — Mean

g 14

< 1500

= ® 12

G 1250 %)

£ S 10

T 1000 °

5 g°

8 750 g 6

c z

£ 500 4

= 0 Il " JIII | IIIi IIII Ll

12:00 16:00 20:00 00:00 04:00 08:00 12:00 0 2000 4000 6000 8000 10000

Time Daily Curtailment Volume (MWh)

Figure 5.16: Total wind curtailment volumes by half-hour settlement period (left) and
histogram of daily wind curtailment volumes (right) of Whitelee wind farm for 112 days
where generation was curtailed, 1 June 2018 to 31 May 2019 (bin width = 100 MWh)

Figure 5.16 shows that more generation was curtailed at night than in the after-
noon and evening. This is likely due to demand in Scotland being higher in the after-
noon/evening than at night. As with the carbon intensity, this is an important result
as EV charging is generally more likely to be done overnight. The average daily curtail-
ment out of the 112 days in the year that saw some curtailment was 2030 MWh. The
total curtailment of Whitelee wind farm through the year was 227,841 MWh which,
at Whitelee’s average bid price of £70/MWh, gives a potential value of absorbing this
curtailment through EV charging of up to £15.9m®.

Results

Figures 5.17 and 5.18 show boxplots of the carbon intensity associated with all charge
events on all 100 days for uncontrolled charging then controlled charging, with and
without consideration of curtailment of Whitelee wind farm (and the setting of grid
intensity to zero for these periods). Both the idealised and routine charging cases are

shown.

5The total cost of the B6 constraint would be the sum of the cost of accepted bids to reduce output
and offers to replace it on the other side of the boundary. Therefore, this value is likely to be an under-
estimate of the true value of absorbing this curtailment as it does not include the cost of accepted
offers.
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Figure 5.17: Reduction in carbon intensity from controlled charging, with and without
the inclusion of curtailment from Whitelee wind farm, for all battery size/charger power
combinations — idealised charging behaviour
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Figure 5.18: Reduction in carbon intensity from controlled charging, with and without
the inclusion of curtailment from Whitelee wind farm, for all battery size/charger power
combinations — routine charging behaviour
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Figures 5.17 and 5.18 show a steady reduction in the carbon emissions associated
with EV charging when their demand can be shifted to times of lower carbon intensity.
When charging is able to take advantage of excess generation at Whitelee, the emissions
associated with charging can be reduced to zero for some cases — corresponding to when
curtailment covered a significant proportion of the charging windows. As previously
discussed in Section 4.8, the charging load of EVs with larger batteries under the ide-
alised charging model is less flexible than those under the routine charging model. As
a result, it is shown that if EV drivers with large batteries only plug in when they need
to, it is more difficult for controlled charging to reduce the carbon intensity associated
with their vehicles’ charging.

The reduction in the mean carbon intensity associated with EV charging for all
parameter combinations and both charging scheduling models is shown in Tables 5.4

and 5.5.
Table 5.4: Summary results: reduction in mean carbon intensity of driving (gCO2/kWh)

from smart charging with and without consideration of curtailment of Whitelee wind
farm — idealised charging schedules

Mean Carbon Intensity (gCOz/kWh) — Idealised Charging

Parameters Dumb Charge  Smart Charge With Curtail-
ment

24 kWh, 3.7 kW 234.0 201.7 (-13.8%) 176.2 (-24.7%)

24 kWh, 7.4 kW 241.5 199.7 (-17.3%) 171.4 (-29.0%)

64 kWh, 3.7 kW 221.8 215.0 (-3.1%) 193.5 (-12.8%)

64 kWh, 7.4 kW 226.4 210.5 (-7.0%) 187.1 (-17.4%)

Table 5.5: Summary results: reduction in mean carbon intensity of driving (gCO2/kWh)
from smart charging with and without consideration of curtailment of Whitelee wind
farm — routine charging schedules

Mean Carbon Intensity (gCO2/kWh) — Routine Charging

Parameters Dumb Charge Smart Charge With Curtail-
ment

24 kKWh, 3.7 kW 237.4 200.8 (-15.4%) 172.8 (-27.2%)

24 kWh, 7.4 kW 243.7 201.6 (-17.3%) 172.3 (-29.3%)

64 kWh, 3.7 kW 228.5 208.0 (-9.0%) 182.9 (-20.0%)

64 kWh, 7.4 kW 235.9 205.6 (-12.8%) 179.5 (-23.9%)

If EVs are dumb-charged (i.e. there is no control of their charging), the CO2 emis-

sions associated with their charging is, on average, in the region 221-243 gCO9/kWh.
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Given that typical electricity consumption values of EVs on the market as listed by the
US EPA are in the range from 0.16 kWh/km (based on the city consumption of a 2019
Hyundai Kona Electric 64) to 0.23 kWh/km (based on the highway consumption of a
2012 Tesla Model S 100) [38], this means that the associated EV emissions, if charged
from the 2019 GB generation mix without any scheduling of their charging, are in the
range 35.4-55.9 gCO2/km. For context in vehicle emissions, the average tailpipe emis-
sions of new petrol and diesel cars purchased in Europe in 2019 were 121.5 gCOy/km
and 123.4 gCO2/km respectively [229]. If their charging is not controlled, EVs’ carbon
intensity is reduced with larger batteries and lower charger power ratings, because this
shifts the charging load later into the night (as was found in Section 4.8) when carbon
intensity is typically lower (Figure 5.14).

Controlling EV charging, such that all EV charge requirements are met and the
network is operated within its thermal limits, without the consideration of any surplus
RES generation, can reduce the CO2 emissions associated with charging by up to 17%.
Higher charging power enables the greatest reduction, as this enables more of the energy
demand to be met in the times of lowest carbon intensity. Particularly for the idealised
charging case, increases in battery size are shown to make it more difficult to reduce
the carbon intensity of charging, whereas increases in charger power are shown to make
it easier. This is because of the effect of these parameters on the flexibility of charge
events, as previously discussed. If drivers plug in routinely, the effect of increasing
battery size is diminished.

If there is local RES generation to absorb that would otherwise be curtailed, then in
this analysis the carbon intensity was set at 0 gCOqy/kWh for these time periods as per
the method used in the National Grid carbon intensity calculator [216]. In this case,
controlling EV charging to take place in these periods can further reduce the associated
emissions of charging, by up to 29% with respect to the original. Carbon emissions at
this level would result in associated emissions of EV driving in the range (using the
same energy consumption values as before) 27.6-39.6 gCO2/km, around a quarter of

the corresponding average for petrol and diesel cars.
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5.6.2 Controlling Electric Vehicle Charging to Absorb Excess Wind

Generation

This section presents an evaluation of the assessment of the extent to which the charging
of a large fleet of EVs can be scheduled to absorb surplus renewable generation that

would otherwise be wasted, via a case study on Whitelee wind farm.

Method

A single bus model was used (Figure 5.19), with one generator to represent the volume
of curtailed wind energy from Whitelee. This can be thought of as, relative to maximum
Scottish export capability in each time period, surplus low carbon generation that would
otherwise be wasted. The aim is to minimise the surplus that remains unused after
charging of EVs. Another generator is used to represent the rest of the GB power
system, which has to make up the demand that cannot be satisfied by excess generation
at Whitelee.

The volume of curtailed wind is compared for an increasing number of EVs from
10,000 to 1,000,000, for both the idealised and routine charging cases. For context,
there are currently over 2.4 million private cars in Scotland [230] and, based on the
Scottish Government’s target for all sales of new cars and vans to be zero emission by
2032 [231], it is reasonable to expect that there could be at least a million battery EVs
within the Scottish ‘Central Belt’, where approximately 65% of the population live (i.e.

behind the B6 boundary constraints which result in curtailment at Whitelee).
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Figure 5.19: Schematic showing single bus model used to study potential of EV charging
to utilise excess wind generation

Simulating up to 1,000,000 individual EVs was not possible as this would exceed the
amount of travel data on record. 10,000 simulated EVs were scaled up to 50,000, 100,000,
250,000, 500,000, 750,000 and 1,000,000 EVs by multiplying the battery capacity Ce,
charger power PP C initial energy storage content E? and final energy storage content
E? of each EV accordingly. This approach of aggregating EVs to form large flexible
demands has been demonstrated before — as previously discussed in Section 5.2 — in [207]
and [208].

Note that LV network constraints are not considered in this part of the work due to
the computational burden involved, and it is recognised that this could limit the flexi-
bility available from EVs. Managing distribution network constraints, and coordinating
access to flexible assets between distribution and transmission level markets is a subject
of ongoing research [232-234], though is outside the scope of this study.

The battery capacities, charger power and level of access to charging of the EVs are
assigned to vehicles using the same distributions as used in Section 5.4.

The DCOPF formulation presented in Section 5.3 was used to minimise carbon in-

233



Chapter 5. Opportunities for ‘Smart’ Charging
tensity as in the carbon intensity minimisation study. The output of the wind generator
in Figure 5.19 was limited to the total curtailment in each period (5.14).

pG, < PUP (5.14)

— w,T

where pg’T is the active power contribution from the wind generator in the time period
[7,7 + 1] and PfU{ B represents the maximum power output from the wind generator
in the time period [r,7 + 1], equal to the average curtailed wind power in that same
timestep at Whitelee. Therefore, in periods with no wind curtailment, Pu[}{ B is zero.
The wind generator was modelled as having 0 g/kWh carbon intensity and the grid
(which makes up the remainder of charging demand that the output of the wind farm
cannot) was modelled as having the national carbon intensity [216] (matched to the

same 112 days for which there was curtailment at Whitelee).

Results

Figure 5.20 shows boxplots of the percentage reduction in curtailment on each of the
112 days with curtailment in the period 1 June 2018 to 31 May 2019 for fleets of EVs
of various sizes. Figure 5.21 shows the total percentage reduction in curtailment over

the whole period for the same fleet sizes.
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Figure 5.20: Box plots showing percentage reduction in wind curtailment at Whitelee
wind farm on 112 days with curtailment from the optimisation of charging from fleets
of EVs of various sizes (1000s)
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Figure 5.21: Total reduction in curtailment of generation at Whitelee wind farm over

period 1 June 2018 to 31 May 2019 from the optimisation of charging from fleets of EVs
of various sizes (1000s)

Figure 5.20 shows the rate of increase in curtailment reduction as the fleet of EVs
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increases in size. While the variance is high (due to the variance in the volume of
curtailment on each day and the time of day at which this occurs), it is shown that
the reduction in curtailment continues to increase with an increasing size of EV fleet.
Figure 5.21 shows that this rate of increase is diminishing; this is due to a subset of days
for which the curtailment cannot be reduced to zero even by the charging of 1,000,000
EVs. These are days in which a large volume of curtailment occurs in the middle of
the day (when there are fewer EVs plugged in); however, as shown in Figure 5.16, wind
curtailment in the daytime is rarer than in the nighttime.

It is shown in Figure 5.21 that if drivers plug in and charge routinely, then there is
more potential for EV charging to be able to reduce curtailment. This effect is most
pronounced for large fleets: with a fleet of 1,000,000 EVs, whereas 93.0% of Whitelee
wind farm’s total curtailment can be used to charge these EVs if they are plugged in
routinely, 87.6% of total curtailment can be used for the idealised charging case. The
reason for these numbers not being vastly different is that the energy for these EVs
to carry out their transport requirements remains the same for both cases — though
the extra flexibility resulting from routine charging can be better utilised to reduce
curtailment at the wind farm. Given that the absorption of this curtailment potentially
has significant value, it could be expected that drivers could be incentivised to plug in
routinely when arriving home so as to maximise any revenue that may be made from

the absorption of curtailment.

5.7 Chapter 5 Conclusions and Further Work

5.7.1 EV Charging for Management of Network Constraints
The Future of Controlled EV Charging

It was shown in Section 5.4 that although a ‘valley filling’ optimisation approach could
reduce the impact seen by the network, it was not possible to accommodate the charging
of 100% penetration of EVs in the Pollokshields network within GB statutory voltage
limits. Furthermore, although this approach could reduce the network impact, there

remains a rift between what is mathematically possible and what is attainable in the
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real world. A controller of EV charging (e.g. an aggregator) would not have a projected
schedule of vehicle arrivals and departures and each of their energy storage contents
before they arrive.

Some of the simple heuristic methods were shown in Section 5.5 were shown to be
relatively effective at controlling charging within network limits (at least, comparable
to the formal optimisation) and providing the majority of vehicles with enough energy
to be able to make it to their next charging opportunity, though this was dependent on
charging behaviour — if drivers plug in routinely, their individual energy requirements
tends to be smaller and hence they were more likely to be met. However, it is stressed
that a limitation to the analysis performed is that it only considered one 24 hour period,
and as such does not consider the knock-on effect of missing out on charging energy on
travel plans over a longer period. A piece of further work is recommended to quantify
what this might be, to further illustrate the viability of using such heuristic methods
to schedule EV charging. The simple delay method is not suitable for the management
of EV charging; although techniques similar to this have been deployed in practice
(e.g. [211,213]), it was found in this analysis that this method can increase the network
peak and introduce a severe ramp rate which may bring problems to system frequency
stability.

The downside to the use of the heuristic methods is that they will not necessarily
ensure that the network is operated within its limits, nor that the fleet of vehicles
charging is provided with the same amount of energy that they would have received
from uncontrolled charging. The methods presented in Section 5.5 could potentially
be made resilient to achieving both these goals by the optimisation of their operation
(for example, in terms of the spacing between vehicles starting charging in the queue
delay algorithms, or the setting of the peak time during which no charging is allowed
to happen) for various scenarios pertaining to EV parameters, network characteristics
and social demographics.

Though the perfect foresight of charging schedules as used in Section 5.4 is an un-
realistic ideal on which to be able to manage charging, the diversity in the charging

requirements placed on a network of as many customers as the Pollokshields network
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— given that all results presented in this chapter have been based on MC-style simula-
tions in which different vehicles with different travel diaries are applied to the network
each time — has been shown throughout this thesis to be low. Therefore, these likely
requirements could be learnt by a controller and these could be updated as inputs which
have been shown to strongly influence the resulting charging demand (EV parameters,
charging behaviour and demographics) may change in time. A valuable piece of further
work from the analysis presented in this chapter would be to develop a machine learning
approach to charging optimisation that could learn likely charging requirements based
on a set of input parameters, based on the information that it could have access to (ar-
rival times of vehicles that have arrived so far, their battery size and SoC), and manage
the charging load in such a way that it would be likely to provide vehicles with the
amount of energy they require in a way that maintains the operation of the network

within limits.

Distribution System Voltage Limits

Due to memory constraints on the computing resources available during this study,
the valley-filling optimisation approach presented in Section 5.4 was formulated as a
DCOPF problem, i.e. it neglected variation in endpoint voltage. Although the results
of these minimum loading charging schedules were then input into an AC load flow to
return the effect on endpoint voltage, the optimisation could be improved by making it
into an ACOPF formulation. This could be achieved by decomposing the network into
smaller portions and solving individually, before aggregating the solutions to provide one
overall solution. However, this approach is far from trivial: the assumptions regarding
the voltages at each secondary transformer, as a result of loading in other parts of the
network, would not be a simple assumption to make. Further work is recommended in
exploring how these formulations might be made effectively.

Even as a result of the ‘best case’ valley-filling of EV charging load presented in
Section 5.4, the network could not be kept with statutory GB voltage limits. This is an
important result in itself, as it suggests that no matter how their charging is managed,

the Pollokshields network (and likely many other residentially-dominated networks in
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GB) cannot support a 100% penetration of EVs if it is assumed that the primary
substation LV bus is at 1 pu.

There could be several solutions to these voltage deviations. By employing remote
monitoring around the network, the primary substation could adjust its tap settings
in real time to manage the voltage within the acceptable limits. Another possibility
is the use of reactive compensation. However, an easier and lower-cost solution may
be to simply relax the voltage constraints themselves. In Western Power Distribution’s
‘Enhanced Voltage Assessment’ method within their Fquilibrium innovation project,
they estimate that on the basis of six separate substations, an increase of at least 24%
of demand capacity could be realised by relaxing the minimum distribution level voltage
limit from -6% to -10%, with no noticeable effect on electrical device performance [235].
Furthermore, if a majority of load served in a network is of the constant impedance
type, a reduction in voltage could reduce network losses [236] and therefore overall
energy consumption [237]. As shown in Table 5.1, the optimised charging schedule —

even under routine charging behaviour — was able to keep voltage drop within 10%.

Bidirectional Charging (V2G)

Bidirectional EV charging (a.k.a. V2G) is increasingly part of the discussion regarding
the management of EV charging in a distribution network context. For example, using
UK travel statistics and loading data as a case study, the authors in [238] find that there
is a potential 35% reduction in network peak following the application of V2G. In the
commercial space, the concept is becoming widely known. For example, the Octopus
Powerloop V2G tariff offers up to £30/month off the lease of a new EV in return of the
supplier being able to sell services back to the grid on behalf of the EV owner, while
the OVO V2G trial offers annual savings of £570 [239]. Based on this, it seems that
V2G could have the potential to help manage the integration of EVs in LV distribution
networks. A valuable piece of further work would be to include bidirectional charging
in this analysis, to quantify the potential to which any impact on the network could be

further reduced.
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5.7.2 EV Charging to Support Renewables
Carbon Emissions of EV Driving

It was found through analysis presented in Section 5.6.1 that if EV charging were able
to follow the times of low carbon intensity and take advantage of RES curtailment,
then the emissions associated with their charging was shown to be in the region 27-40
gCO2/km; a 30% reduction on the ‘dumb charging’ carbon intensity of 35-56 gCOq/km.
This offers an improvement of up to a factor of 5 relative to average new petrol and
diesel cars.

It is important to note that in this work the carbon intensity of the grid has been
modelled as independent of demand and therefore it has been assumed that the marginal
increase of EV charging will not lead to an increase in carbon intensity of the grid
(through dispatch of fossil fuelled generation). Although the scale of modelling means
that the load presented by the EVs’ charging is negligible in comparison to GB demand,
if such a scheme were implemented on a large (e.g. nationwide) fleet of EVs then their
charging would effect grid intensity — if their charging were to come online such that
dispatchable thermal plants had to be brought online, then the carbon intensity associ-
ated with their charging would be equivalent to the carbon intensity of the dispatchable
plant. Furthermore, the sudden increase in demand could present problems to the sta-
bility of system frequency. However, there are several electricity tariffs on offer in the
UK at present aimed at EV drivers with access to private residential charging, which
offer varying electricity prices based on forecasts of RES output and wholesale elec-
tricity prices [240-242] — in which the agreed prices, generally settled with customers
some hours before the charging period, do not change if other EVs also suddenly begin
charging at that time. As the penetration of RES continues to increase in line with
government targets, an increased variance in grid intensity is likely. By following the
times of lowest grid intensity, the presence of EVs would effectively be incentivising
further RES generators to come online by providing a greater level of certainty that
the energy they generate would be consumed, even if produced outside of a traditional

domestic demand peak.
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Flexible EV Charging to Absorb Excess Renewable Generation

It was shown in Section 5.6.2 that there is significant potential to absorb excess RES
generation from the flexibility of EV charging: a fleet of 500,000 EVs, which would
equate to an EV penetration of approximately 20% based on Scotland’s total car fleet
of 2.4 million, could absorb approximately three quarters of curtailment at GB’s largest
onshore wind farm as experienced in the time period 1 June 2018 to 31 May 2019. As
Whitelee represents only part of the curtailment (11.5%), there is significant potential
for smart charging of EVs to reduce this curtailment as a credible alternative to grid
reinforcement$.

A potential market mechanism to reward EV flexibility for reducing wind curtail-
ment is the GB balancing mechanism (BM). Aggregated EV flexibility could be accessed
by National Grid ESO in the BM to manage transmission system constraints, offering
an alternative to wind curtailment (i.e. rather than paying wind generators to turn
down their output, the ESO could pay EV charging aggregators to turn up their de-
mand). However, access to the BM is currently limited for smaller participants such as
EVs — this is due to the economics of scale favouring a smaller number of larger units,
the requirement for any participant to be a fully licensed supplier (unless granted a
derogation by the regulator) and the ESO favouring larger units in the BM at short
timescales [243].

However, the introduction of the ‘virtual lead party’ under the GB implementation
of project TERRE will allow smaller aggregators (with a minimum aggregated BM
unit size of 1 MW) to participate in the BM without the need to be fully licensed
suppliers [243,244]. Furthermore, the ESO has introduced a distributed resource desk,
which has resulted in increased participation of industrial and commercial aggregators
in the BM [245]. Coupled with the projected growth in EV penetration, this reduction
in the barriers to access the BM is likely to contribute positively to the business case of

aggregation of EV charging for the provision of grid services.

5Such as the Western Link, a 2.2 GW HVDC subsea cable commissioned in 2017 between Hunter-
ston in West Scotland and Flintshire Bridge in North Wales to reduce the amount of Scottish wind
curtailment by providing extra transmission capacity from Scotland to the rest of GB. Note that the
amount of curtailment reported at Whitelee as used in this chapter is inclusive of that which has been
reduced by the Western Link.

241



Chapter 6

Conclusions and Further Work

The electrification of the private vehicle fleet, coupled with a low carbon generation
mix, is likely to be a key contributor to going net zero. However, electric vehicles are
fundamentally quite different to the conventional vehicles that most people drive at
the moment: their capacity for energy storage is far smaller, and the rate at which it
can be replenished is much slower. For EV uptake to increase to the levels required,
EVs must be perceived as of negligible inconvenience relative to petrol cars, or at least
that any inconvenience they do carry is balanced out by other favourable effects, lower
running costs and the feeling of ‘being green’ being two of these. Furthermore, whereas
ICVs take their energy from a system that has been designed around them, from crude
oil extraction to refineries to petrol stations, EVs take their energy directly from our
electricity system which, crucially, has not been designed with them in mind. Moving
all the energy currently used by the transport sector — equivalent to 57 million tonnes
of oil per year [246] — onto our electricity system will obviously not be without impact.
The greatest impact is thought to be at the ends of the distribution network, where
relatively low-capacity lines, not designed to be able to meet the energy demands of
cars, feed domestic properties.

The goals of this thesis were (i) to quantify the likely impact of the electrification of
private transport on potential consumers and the power system, and (ii) to evaluate the
potential of the management of their charging to avoid costly network reinforcement

and even benefit the power system by selectively charging in times of excess renewable
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generation.

Chapter 2 provided quantification of the convenience of EV charging relative to
ICV fuelling (as equating convenience to the total time penalty experienced); Chapter
3 provided characterisations of the likely variation in demand from en route and public
destination charging using a ubiquitous source of smartphone locational data; Chapter
4 provided analysis into the likely impact of uncontrolled EV charging on distribution
networks, including insight into the effect of charging behaviour, demographics and the
shifting technological and charging access patterns as a result of the evolving EV mar-
ket; Chapter 5 provided quantification of the potential for controlled charging to (i)
mitigate the issues found to be likely from the analysis in Chapter 4 and (ii) enable fur-
ther decarbonisation of the electricity system by charging selectively when grid carbon

intensity is low and wind curtailment is high.

6.1 Summary of Contributions

In Chapter 2, it was shown that the transition from ICVs to EVs will affect people
differently, depending not only on their patterns of usage of their vehicles but the
technical specification of their vehicles (battery capacity and charger power rating) and
the number of locations they can charge at. It was found that although the majority
—up to 95% — of individuals who can charge at home are expected to be able to reach
convenience parity (such that there is no inconvenience resulting from switching from an
ICV to an EV) with battery sizes currently available in EV models at the ‘affordable’
end of the market, this is significantly less likely for those who rely on workplace or
public charging — and particularly for those who must rely solely on en route charging.
These individuals are expected to suffer considerable inconvenience associated with EV
charging relative to ICV fuelling, and although greater battery capacities and charger
power ratings are expected to lessen this inconvenience, there remains a significant gap
in the convenience of EV ownership between those who can charge while parked at
home and those who cannot. Therefore, it is recommended that alternative methods
of providing at-home parking (e.g. on-street home charging via lampposts or kerbside

sockets) are supported in lessening this gap.
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Furthermore, analysis was carried out with respect to long journeys that cannot
be made on a single charge, ‘range anxiety’ being a major obstacle to widespread EV
adoption. It was found that if drivers are compliant with the UK Highway Code in
taking regular breaks on long journeys, fewer than 0.01% of trips are expected to be
delayed by charging when using battery capacities of 40-60 kWh.

The main conclusion offered by Chapter 2 is that we risk a substantial increase in
‘mobility inequality’ between those who can charge at home and those who cannot. It
begs the question; if every new car in the UK is expected to be electric by 2040 (or 2032
in Scotland), what are individuals who lack access to charging expected to do? This
inequality is reduced significantly if charging power is increased and drivers are provided
with at least some access to parked charging, which may be located at workplace car
parks or public destinations.

This conclusion made in Chapter 2 gave rise to the analysis presented in Chapter 3,
which sought to model the likely demand from EV charging at these public destinations
and en route charging stations using data from a widely-used Smartphone app: Google
Maps. It was demonstrated how such a dataset can be used to simulate the arrival
rate of EVs to hypothetical charging infrastructure at a destination, assuming that the
arrival rate of drivers looking to charge their EVs is proportional to the arrival rate
of visitors to that destination. It was found that the temporal variation in charging
demand from public destination charging stations is likely to vary significantly based
on what kind of destination it is and the day of the week. It was shown that the
method can be applied to hypothetical charging infrastructure at a particular amenity
(e.g. Braehead shopping centre) to derive the likely demand profile from EV charging
there. This approach could be valuable to system planners in the current absence of
data on how EV charging infrastructure is used (given that EV penetration is currently
low, usage patterns are likely to be very different now than in the future).

While public and en route charging is likely to be an important part of the mix, it
was shown in Chapter 2 that having access to charging at home is the most effective
way of enabling EV users to achieve convenience parity with ICV users. Therefore, it

is reasonable to expect — as is stated by the UK Government [135] — that if drivers
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can charge at home, they will do so. To this end, Chapter 4 presented analysis of the
likely impact of uncontrolled EV charging at home on residentially-dominated distribu-
tion networks. Network models were developed from two real distribution networks in
Glasgow’s Southside region: Pollokshields, which represents an affluent suburban area
where car ownership is higher than the Scottish average and Gorbals, which represents
a historically deprived inner city area where car ownership is lower than the Scottish
average.

As explained in Section 4.2, there are advantages to using both EV trial data and
travel data as a basis from which to model charging demand. Therefore, both were
presented: firstly, charge event data from the My Electric Avenue EV trial was used to
analyse the impact of EV charging on the Pollokshields network if vehicles within the
network are assumed to be as likely to be charging as vehicles in the My FElectric Avenue
(MEA) trial. Following this approach, it was found that when 40-70% of vehicles in the
network are replaced by EVs, the operation of the network is likely to stray outside of
its limits. The main limitation of this assessment approach is that it effectively fixes the
results to one set of EV parameters (battery size, charger power and set of locations at
which they can charge) and one comparatively small set of individuals, who are likely to
adopt a subset of behaviours based on their willingness — and eligibility — to participate
in the trial. Therefore, an approach using the NTS travel diaries as used in Chapter
2 was also presented. This was used to consider the effect of any variation in driver
behaviour (by presenting two methods of deriving likely charge events from the week-
long NTS travel diaries), key demographic indicators (employment type and means of
travel to work) and changing EV parameters (battery capacity, charger power and level
of access to charging) on the resulting charging demand. The resulting charging demand
when derived from the NTS data was found to be higher than that when using the MEA
data, for the same ‘base case’ of parameters to match the vehicles used in the trial — this
was the case no matter which method was used to derive the charge schedules. Out of
the two methods of deriving charge events from travel data, the likely spread in resulting
charging demand profiles was returned. Whereas the idealised method (in which drivers

seek to minimise the number of plug-ins) returned the lowest total charging demand due
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to the increased diversity in charging behaviour, the routine method (in which drivers
will always plug in on arrival at home) returned the highest peak charging demand, and
lead to the most drastic violations of network limits.

The investigation of the effect of social demographics was done by carrying out the
analysis on the Pollokshields and Gorbals networks. It was found that the impact of EV
charging would be significantly greater in Pollokshields than it would be in Gorbals and
that the increase would be disproportionate compared to the increase in the number of
vehicles, due to the differences in travel habits reported between individuals within the
different demographic groups. This raises some further questions about how any network
reinforcements would be paid for, given that this analysis would suggest certain areas
(those typified by high car ownership and employment rates) will require reinforcement
before others.

Chapter 4 also presented an investigation of the effect of EV parameters on their
resulting charging demand and the impact on distribution networks. It was found that
out of the key emerging patterns identified in the evolving EV market, larger batteries
and more widespread charging access may reduce the peak demand from EV charging
and/or shift it to a time less likely to coincide with peak domestic demand. On the
other hand, increasing charging power may increase the peak and bring it closer to a
time where it is more likely to coincide with peak domestic demand.

The work in Chapter 4 explored several factors in determining the impact of EVs
charging on distribution networks. A common theme that emerged from all of them
is that a high penetration of EVs is likely to present problems to the distribution net-
work and it is clear that there are sets of circumstances which would lead to severe
consequences in terms of overloading and undervoltages. The work presented in Chap-
ter 5 — an investigation into the opportunities of managed charging — arose out of this
conclusion.

Using the basis of the modelling carried out on the Pollokshields network presented
in Chapter 4, a valley-filling DCOPF approach was presented in Chapter 5 to attempt
to manage charging within network limits. It was found that even when charging is

scheduled for the minimum possible total demand, the network in the case study could
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not be kept within statutory GB voltage limits. This is an important result in itself,
as it suggests that no matter how their charging is managed, the Pollokshields network
(and likely many other residentially-dominated networks in GB in relatively better-off
areas) cannot support a 100% penetration of EVs if it is assumed that the primary
substation LV bus is at a voltage of 1.0 pu. While other methods of regulating system
voltages were discussed, evidence was provided that suggests that these voltage limits
could be relaxed without any detrimental effect to the appliances connected.

In reality, any agent acting to manage EV charging within a network (e.g. an
aggregator or DSO) would not have perfect foresight of the future arrivals of vehicles.
Therefore, a set of low-information heuristic-based methods, which could operate in real
time from the level of information ascertainable from a smart meter, were presented in
comparison to the valley-filling optimisation. It was found that some of the heuristics
presented, notably the lowest range first served (LRFS) approach, in which vehicles
are queued to begin charging in the order of increasing remaining driving range, could
maintain the system within similar voltages as the valley-filling optimisation approach
at the expense of fewer than 0.02% of vehicles plugged in having to stop to charge before
their next charging opportunity as a result of less energy being transferred due to the
charging management system. However, this was analysed on the basis of one 24-hour
charging period. There may be knock-on effects from the restriction of charging every
night, and further analysis is recommended to examine this.

Work presented in Chapter 5 showed that there is significant potential for EV charg-
ing to interact positively with the power system. If EV charging were able to follow the
times of low carbon intensity on the present day GB power system and take advantage
of RES curtailment, then the emissions associated with their charging was shown to be
in the region 27-40 gCO2/km, a 30% reduction on the ‘dumb charging’ carbon intensity
of 35-56 gCO2/km. This offers an improvement of up to a factor of 5 relative to average
new petrol and diesel cars sold in Europe (121.5 gCO3/km- 123.4 gCOq2/km for petrol
and diesel respectively [229]). It was also shown that there is significant potential to
absorb excess RES generation from the flexibility of EV charging: a fleet of 500,000 EVs,

which would equate to an EV penetration of approximately 20% based on Scotland’s
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total car fleet of 2.4 million, could absorb approximately three quarters of curtailment

at GB’s largest onshore wind farm.

6.2 Further Work

As demonstrated in Section 6.1, this thesis has made several contributions to the body of
research surrounding the likely impact (both positive and negative) of the electrification
of private transport on our power system. However, there are of course many possible
developments that could prove valuable future work in further broadening our collective
understanding of the subject. This section outlines some thoughts on possible future

work.

Further Disaggregation of Travel Habits

The work presented in Chapter 4 presented some disaggregation of travel habits on the
basis of two demographic indicators (employment type and means of travel to work)
that were found to affect individuals’ travel habits. The integration of this into an
electrical network model represents the first attempt in the academic literature — to the
author’s knowledge — at analysing the likely impact of EVs on the power system taking
into account the variability of travel habits based on demographic indicators within
an electricity network. However, this disaggregation could be made more detailed:
as already mentioned, travel habits are influenced by income, employment status and
geographical location [159-161]. Though this level of detail is not available in the
NTS dataset, further research could be conducted to bring together datasets which
do involve a greater level of detail. For example, while it does not contain detailed
trip data, data from annual car road worthiness tests (so-called MOTs) can be used to
examine the spatial variation in total transport energy demand, given by the vehicles’
annual mileage (as the results are connected to geospatial locations) [247]. Datasets
such as these could be used to further understand the likely differences in EV impact
on urban networks, such as those analysed in this thesis, and those of commuter towns

and rural locations where mileage tends to be higher [248|.

248



Chapter 6. Conclusions and Further Work

The Future of Managed EV Charging

In reality, the control of EV charging must be done in a way that relies on the level
of information that is available to the party that is controlling the charging. Though
a valley-filling optimisation based on having a perfect foresight of vehicle arrivals is
unrealistic, the diversity in the charging requirements placed on a network was found
to be low. Therefore, these likely requirements could be learnt by a controller and these
could be updated as inputs which have been shown to strongly influence the resulting
charging demand (EV parameters, charging behaviour and demographics) may change
in time. This could also include bidirectional charging, in which EVs could discharge
power to the grid if necessitated by the charging demands of other vehicles, or some
other demand in the network. An interesting and valuable piece of further work could be
the design and testing of a machine learning approach to the scheduling of EV charging

given the travel diary/charging schedule analysis presented in this thesis.

Bidirectional Charging (V2G)

V2G is now part of the mainstay of discussion regarding the future of EVs. As afore-
mentioned in Section 5.7.1, work recently published in [238] found that the peak loading
on a representative GB distribution feeder could be reduced by 35%. Furthermore, the
ability to inject power into the grid could increase the functionality in EVs’ participation
in the balancing market [50]|. Though the work published in this thesis regarding the
synthesis of charging schedules based on real travel data and the application of these
charging schedules to the network using a sociotechnical model that takes into account
the demographics of the local area represents a significant contribution, it would be a
valuable piece of further work to expand on this by including the potential for vehicles

to discharge to the grid.

EVs as Part of the Future Transport System

It has been assumed throughout this thesis that individuals in the future will continue
to drive the way they do now, that commuting and activity patterns will go unchanged.

While this may be reasonable, given that travel habits have remained virtually static for
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nearly the last two decades (see Figure 4.23), shifts in technology such as the advent of
autonomous vehicles and car-sharing may mean that vehicle usage patterns look quite
different in 2040 to how they do now. Furthermore, growth in flexible working patterns
and better communications technology coupled with renewed emphasis on public and
active transport (i.e. walking and cycling) may mean that our car-based energy demand
could fall over the next few decades. A valuable piece of future work would be to analyse
likely transport system scenarios as proposed in policy, and translate that to car-based
demand and hence EV charging demand. From there, the impact on the energy system
on the resulting cost could be evaluated for a wide range of scenarios pertaining to the

decarbonisation of the transport sector.
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Epilogue

The electrification of transport is not an end unto itself but a means to an end of a
net zero energy system. ‘Clean growth’ as part of a just transition [249] means more
than attending to carbon implications but growing an inclusive net zero economy. As
identified in this thesis, there are potential obstacles to the electrification of private
transport making this happen all by itself.

It has been shown that the widespread uptake of EVs and their charge points will
require significant upgrades to our distribution networks. The costs of these upgrades
are currently shared amongst all energy consumers by ‘use of system charges’ included
in our bills [250]. These charges — for those connected at LV — are based on our annual
energy demand (rather than our peak power), but because networks are built based
on the peak flow, these charges only have a limited correlation with our impact on the
need for reinforcements. It was shown in Chapter 4 of this thesis that, if uncontrolled,
EV charging is likely to disproportionately add to the network peak. Furthermore, any
remuneration that EV owners may receive from the provision of grid services will be
funded by energy billpayers!.

This means that while we will likely all fund the transition to EVs through increased
energy bills, only a select few will reap the direct financial benefits: at the end of 2018,
only 78% of households in the UK owned a car or van [252]. Based on a Department

LOf course, the provision of ancillary services from EVs could be a lower cost (and more environmen-
tally sound) means of grid frequency support than, for example, part-loaded open cycle gas turbines.
However, a comparable scheme may be feed-in tariffs offered to households with rooftop PV: it was
shown by Government analysis [251] that whereas the costs of the scheme are born by the poorer
sections of the population as much as the better-off, the benefits are disproportionately realised by the
better-off — therefore, the scheme played some part in exacerbating fuel poverty. Regulation of the
involvement of EVs in the power system is required to ensure that they can contribute effectively to
the just transition.
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for Transport survey [26], only 57% of UK households have access to off-street parking
and therefore would have somewhere to install a home charge point.

Unequivocally, removing the tailpipe emissions from road vehicles will help. How-
ever, a future transport system based on the private car is inherently inefficient and
has further negative consequences. The Department for Transport’s own traffic fore-
cast [253] states that the uptake of EVs is likely to put more pressure on traffic growth
by lowering the costs of motorised transport. The widepsread provision of public charg-
ing was discussed in Chapter 2 of this thesis to be a potential leveller in EV charging
convenience between those who can charge at home and those who cannot. However,
by incentivising drivers to make these journeys by car rather than another means due
to the opportunity to charge their vehicles, we could see an increase in car dependency.
Continued car dependency leads to more inactive lifestyles, congestion and the trans-
formation of our urban spaces to giant car parks. Local authorities and urban planners
from Lyon [254] to Birmingham [255] and Glasgow [256] are planning for a future with
drastically reduced car dependency in urban areas, at the promotion of active travel
(i.e. cycling and walking) and public transport. Transport Scotland’s 2019 National
Transport Strategy emphasises the focus of a ‘Sustainable Travel Hierarchy’, in which
the private car appears at the bottom of a hierarchy of transport modes to promote the
use of.

Some journeys necessitate the use of cars, and it is these journeys that must be
replaced by vehicles that do not emit greenhouse gases. However, the transition to the
future transport system presents opportunities, not only to eliminate emissions from
the tailpipes of our vehicles or to support further deployment of intermittent renewable
generators by providing flexible EV charging demand, but to make our forever changing

habitat a better place to live.
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Appendix A

Derivation of Beta Parameters for
Battery State of Charge on Arrival
from EV Trial Data

Journey and charge event data are taken from two real EV trials: My Electric Avenue
(MEA) as used in Section 4.5 and SwitchEV [130]. SwitchEV was a 26-month long
project (March 2011 to May 2013) that ran in the Northeast of England as part of the
Technology & Strategy Board Ultra Low Carbon Vehicle demonstrator programme. In
the project, 44 EVs from five suppliers (all with a battery capacity of 16 kWh) were
leased to members of the general public. All driving and charging events in the project
were recorded, resulting in records of 62,060 trips and 16,229 charging events. Due to
its significantly larger number of charging events (as stated in Section 4.5.2, the MEA
trial consisted of 371,293 trips and 76,698 charging events) and its focus on residential
charging, MEA data was used to characterise charging at home. Data from SwitchE'V
was used to characterise charging at workplace and public destinations, as unlike the
MEA dataset, the location of charging (home/work/public) is labelled in the SwitchEV

dataset.
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EV Trial Data for the Derivation of Probabilistic Charging Schedules

Figure A.1 shows key data for weekdays from both EV trials. Aside from the SoC that
the vehicle finds itself in at the end of the trip, the time of day is also likely to influence
a driver’s decision whether to charge or not. Evident from the plots on the middle row
of Figure A.1, different types of charging are expected to happen at different times of
day. As discussed in Section 4.5, there is a clear peak in the home charging data in the
period 15:00-21:00 likely due to drivers arriving home from work. For the workplace
charging data, there is a peak in the period 06:00-10:00, likely due to drivers arriving
at work. The morning and evening peaks in the public charging data are less strongly
defined. All three of these patterns are in alignment with the travel behaviour exhibited
in the NTS data (Figures 4.29-4.31).

The bottom row of Figure A.1 shows CDFs for the SoC at the start of the charging
event defined for three time periods, so as to extract an influence of the time of day on
driver’s likelihood of charging. These are set as morning (06:00-10:00), evening (15:00-
21:00) and off-peak, which includes both the middle of the day (10:00-15:00) and the
night-time (21:00-06:00).

Figure A.2 shows the same results for the weekend data. Due to there being less
charge data from the weekend days, it is harder to imply any statistical significance in
the shape of the charging frequency profiles (middle row). Therefore, CDFs are shown
for the whole weekend days as one, rather than being split into three periods as in the
weekdays analysis. As in common with Section 4.5, the impact of weekend charging is

not analysed in this section and the distributions in Figure A.2 are for comparison only.
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Figure A.1: Key EV trial data for weekdays (My Electric Avenue; SwitchEV') for de-
riving distributions of charging probability given battery state of charge. Top row:
histograms showing state of charge at plugin, middle row: plots of charge plugin time,
bottom row: cumulative distribution functions for state of charge at plugin for 3 distinct
time periods
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Figure A.2: Key EV trial data for weekend days (My FElectric Avenue; SwitchEV') for
deriving distributions of charging probability given state of charge. Top row: histograms
showing state of charge at plugin, middle row: plots of charge plugin time, bottom row:
cumulative distribution functions for state of charge at plugin

Beta Parameter Estimation - Method of Moments

As per the SoC modelling in Sections 3.4 and 3.5, a Beta distribution is selected to
model the battery’s SoC upon starting and finishing charging. The Beta distribution
is characterised by two positive shape parameters « and 5. The Method of Moments
was used to approximate these variables from the sample data. While other methods
of approximating Beta distribution shape parameters are also presented in [257], [258]
and [259] both offer comparison between these methods for Beta distribution shape
parameter approximation and both provide results suggesting the Method of Moments

is the most accurate method of those trialled.
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In any probability distribution, the first moment is equal to the mean and the
second central (i.e. about the mean) moment is equal to the variance [260]. For the
Beta distribution, this can be written as (A.1) for the population mean E(X) and as
(A.2) for the population variance Var(X) [257].

B(X) = (A1)

Var(X) = (A.2)

(a+B)2(a+B+1)

In the Method of Moments estimation, the sample mean X and sample variance S2
are assumed equal to those of the population. It follows that (A.1) and (A.2) can be
rearranged in terms of o and f to derive estimates for the two parameters, & (A.3) and

B (A.4) in terms of the sample mean and variance.

@:X(Xgéx)—g (A.3)

A _(X(1-X)
The results of this parameter estimation for home charging using the MEA dataset
and work and public charging using the SwitchEV dataset are shown via PDFs for
each case in Figure A.3. In accordance with analysis in Figures A.1 and A.2, three

distributions are given for weekday data and one distribution is given for weekend data.

Note that in the legends of Figure A.3, o and (8 are replaced with a and b respectively.
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Figure A.3: Probability density functions of Beta distributions used for characterising
drivers’ probability of charging given battery state of charge for home, workplace and
public charging

A summary of (a,) shape parameters for the Beta distributions in Figure A.3 is
presented in Table A.1.
Table A.1: Shape parameters («a,3) for Beta distributions used for characterising drivers’

probability of charging given battery state of charge for home, workplace and public
charging

Home Work Public
Weekday morning 1.55,1.22 2.46,1.94 2.42,2.32
Weekday evening 1.69,1.69 2.20,1.60 2.31,2.48
Weekday off-peak 1.48,1.38 2.39,1.27 2.18,1.96
‘Weekend 1.37,1.18 1.93,1.45 2.13,1.82
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